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“Everything is achievable through technology. Better living, robust health and (...) the
possibility of world peace.”
Howard Stark
(fictional character from the movie Iron Man 2)

Abstract
The impact of a stroke and the individual neuronal regeneration capacity varies highly
from patient to patient. In this context, a consistent scoring method is very desirable
to quantify the motion impairment and to evaluate the result of rehabilitation. Tradi-
tional internationally recognized clinical scores (e.g. Barthel Index, Berg Balance Scale,
etc.) are widely used but fail to assess the functional mobility or to assist clinicians
in the planning of personalized therapy. For this reason, a new score (the ReHabX
score) has been developed, which evaluates 6 functional gait motion criteria, namely
“trunk movement”, “arm movement”, “leg movement”, “gait speed”, “gait fluency”,
and “stability/risk of falling”.
The gait of 59 stroke patients was measured using motion capture technology, and eval-
uated by a team of medical experts using the ReHabX score. 168 parameters (so-called
“features”) were identified and extracted from each measurement. This list of features
included conventional gait metrics, discretized joint angles, and non-traditional gait
parameters designed to represent specific pathological gait characteristics. Due to the
good reliability and normal distribution of the scorings, a linear model was chosen for
the reconstruction of the clinicians’ ratings from the features. By a stepwise multilinear
regression algorithm, features which allowed the reproduction of the functional scores
provided by the medical experts were selected.
For each scoring criteria, 3 to 6 features were inserted in the corresponding linear
model. The accuracy of the numerical models was evaluated using both the traditional
measures of the goodness of fit, and a novel technique. In this context, a novel so-called
“bubble plot” was developed, which allows the visualization of the level of agreement
among the raters together with the comparison of the numerical scoring with the av-
erage medical score. It was thereby shown that the determination of the individual
criteria using the gait features accurately corresponds to the reliability of the medical
experts.
The numerical scores obtained are a valuable contribution to the diagnostics of motion
impairment that ensure objectivity and reproducibility. They may support the creation
of a personalized therapy and speed-up the post-stroke recovery process.
v
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Chapter 1
Introduction
A journey of a thousand miles begins with a single step.
Laozi
604 BC – 531 BC
The present chapter contextualizes the work hereby presented. The relevance of the
topic is discussed, and the objectives and claims of the work are enumerated. The state
of the art of gait summary measures and numerical methods used in gait analysis is
also introduced.
1.1 Motivation
Cardiovascular diseases in general, and strokes in particular, continue to be a leading
cause of death. In 2011, strokes were responsible for ca. 11% of all deaths in EU member
states, and although the mortality rate has decreased by over 20% between 2001 and
2011, this number could be further decreased if better acute care treatment practices
were implemented [118]. Additionally, morbidity after stroke is the topic of increasing
concern due to the aging of the population and the growing number of people suffering
from post-stroke disabilities [106].
Gait disorders are of particular importance because recovering the ability to walk al-
lows the patients to perform activities of daily living (ADLs) independently thereby
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shortening their stay in a medical facility and their need to be nursed. In this con-
text, a medical scale that allows the formal evaluation of a patient’s ability to walk is
very desirable. Such a scale would establish the degree of impairment, and could be
a helpful tool for the diagnosis of patients, the documentation of their progress, and
would provide a quantifiable assessment of the rehabilitation measures [29]. The scale
should be objective (i.e. independent of the rater), reproducible, and have a meaning-
ful medical interpretation. It would also be a valuable asset in research, notably in
cross-institutional studies. As of now, there is a number of scales used by clinicians to
quantify gait disorders. However they mostly quantify the level of independence of the
patients in order to determine which kind of assistance they require. Therefore a scale
more functionally-oriented would be beneficial since it would indicate where the reha-
bilitation should be focused. If such a scale could be reproduced in a gait laboratory,
in an automated manner and without the need of medical expertise, more objectivity
and reproducibility could be attained, time would be saved in diagnosis, and therapists
could speed-up the start of the rehabilitation process.
Instrumented gait analysis (GA) could be used for such purpose since it offers precise
measurements of the human motion and allows the decomposition of the gait pattern
into quantifiable parameters. Those parameters are commonly compiled into reports
containing plots and tables, but they could theoretically be used to reproduce a medical
scale.
Existing numerical scales to assess human gait focus on the lower body and ignore the
movement of the head, arms and trunk (see Section 1.5). However, there are methods
to quantify the motion of the trunk (e.g. AL-plot [71, 72]) or the synchronization
between legs and arm swing [152] which are usually disregarded. Thus, a numerical
scale for the assessment of human gait that considers the upper body and is medically
comprehensible would be a major addition to the GA arsenal.
1.2 Objectives and dissertation organization
The current study is part of the ReHabX project (see Section 3.2.2) in which the gait
over 200 stroke patients and almost 50 healthy control subjects was measured in a gait
laboratory. The gait of a fraction of the stroke patients was visually assessed by a team
of medical experts using a novel functional medical scale — the ReHabX score. In this
framework, the main objective of the present study is to create a numerical model that
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is able to replicate the medical evaluation based on instrumented GA only. A number
of gait features are extracted from the gait measurement and the model selects and
weights those features that are relevant for each one of the ReHabX subscores.
The specific objectives of this work can be listed as follows:
• to introduce and contextualize the methodologies used in GA;
• to develop novel features to identify specific gait anomalies;
• to extract the traditional and the novel gait features from the measurements;
• to compute numerical models that reproduce the medical scores; and
• to validate the models.
The numerical models are computed using multilinear stepwise regression, or principal
component regression (see Section 1.4), and the validation is performed using the tra-
ditional “goodness of fit” measures. A method to compare the numerical results to the
individual medical scores has also been developed.
This dissertation is organized in the following manner:
• In Chapter 1, the relevance of the topic is discussed, and an overview of the
whole dissertation as well as the contributions to knowledge of the present work
are provided. Moreover, a literature review of gait indices — also named gait
summary measures — and of numerical methods used in GA is made.
• In Chapter 2, the basic concepts associated to GA are introduced. Stroke is
defined and its effects on gait are reviewed and discussed.
• Chapter 3 deals with assessing the degree of disability of stroke patients, i.e.
quantifying the deviation from the non-pathological gait. Traditional medical
stroke scales are presented, as well as indices used to assess balance, gait sym-
metry, and gait stability. Finally, a novel, functionally-oriented medical scale
developed by the clinical partners, the ReHabX score, is discussed.
• Chapter 4 covers the methods employed to create the numerical models that
match the medical scoring. The work flow is described with the help of block
diagrams. Then, the acquisition of the data, the facilities, the inclusion and
exclusion criteria are presented. The extracted features are then defined and
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enumerated. Finally, the methodologies used for the computation and the selec-
tion of the numerical models are defined.
• The results of the present work are presented and discussed in Chapter 5. These
results include the listing of the most relevant features for each score, the selection
of the models, and their validation using traditional techniques (i.e. measures of
the goodness of fit), and a novel approach — the bubble plots. A quality control in
which the models are checked for rationality by medical experts is also discussed.
• Finally, the conclusions of the present work are summarized in Chapter 6. The
advantages and limitations of the study are discussed, and suggestions for future
developments are proposed.
1.3 Contributions to knowledge
After enumerating the main objectives of the present dissertation, the major contribu-
tions achieved can be listed as follows:
1. a review of the literature on quantifying gait disorders, including both gait sum-
mary measures and traditional medical scales as well as an overview of mathe-
matical tools used in GA;
2. the characterization of the hemiparetic gait, from a biomechanical point-of-view;
3. a set of novel numerical features designed to represent specific gait characteristics
(e.g. posture, gait flow, etc.);
4. a method that objectively quantifies the degree of impairment of stroke patients
and selects the variables that better explain each impairment; and
5. a new type of plot, so-called “bubble plot”, that allows the comparison of the
inter-rater individual ratings with the numerical score.
Contribution 3, i.e. the set of novel features, brings additional knowledge to the field
of GA, and might be valuable in many gait laboratories. Furthermore, the algorithm
described in contribution 4 and the plots defined in contribution 5, although inspired
by different areas of knowledge, strengthen the arsenal available to gait analysts and
biomechanics researchers.
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1.4 Numerical methods in gait analysis
The popularity of GA has increased exponentially in the past two decades and, as
gait data sets have a particular set of characteristics, a number of analytical methods
has been recruited to deal with them. The properties of such data sets as well as the
solutions that have been suggested to deal with them can be listed as follows:
• Variability and reliability of the data: gait cycles are usually analyzed based on
gait curves (i.e. joints angles, ground reaction forces, angular moments, etc.). The
data acquired displays intra-subject, inter-subject, within-trial and between-trial
variability, not only due to marker positioning and equipment variations, but also
due to differences in the patients’ gait [26, 48]. There are indications that fall risk
is more related with this variability rather than mean values but, in most cases,
a mean curve is calculated [48, 61]. In this context, a measure must be defined to
select the criteria that characterize the patient, and this has been achieved using
the interclass correlation (ICC) coefficients (see Section 5.1.2) [48].
• High-dimensionality of the data set: typical gait lab data includes kinematical
(i.e. positions, angles, linear and angular velocities), kinetic (i.e. ground reaction
forces — GRF, moments, and power), and anthropometric data, but it may also
contain electromyography (EMG) and metabolic signals. In order to deal with
such amounts of information, data reduction is indispensable [26]. This can be
achieved through the discretization of temporal curves (e.g. computation of ex-
trema, peak amplitude, value at heel strike, etc.), or using multivariate statistics
such as principal component analysis (PCA), factor analysis, and multivariate
correspondence analysis.
PCA is an algebraic algorithm intended to find a small set of new components
that sufficiently captures the observed total variation in the original data. Gait
parameters are dependent and correlated with each other, and instead of study-
ing how each individual feature affects the gait pattern, PCA can unveil the
relationship between the features, since the components obtained through PCA
are linear combinations of the original variables [26, 150].
PCA has been employed in the past for the computation of gait summary indexes
(see Section 1.5), and some studies have used it to identify a subset containing the
most significant parameters from a data set. PCA has also been used to identify
gait pattern signatures [121, 147, 188]. However, PCA is only applicable when
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it is known beforehand that all of the parameters in the data set are relevant,
and one should realize that the interpretation of the principal components is
subjective and not always meaningful [21, 26, 121].
Kevin DeLuzio’s research group from Queen’s University in Ontario, Canada has
been particularly active in using PCA in GA. A number of papers has been
published on applying PCA directly to the joint angle and moment curves and
detecting pathological deviations that are unnoticeable in the original data set
[21, 26, 38–40, 94].
Factor analysis is a further technique designed to reduce data dimensionality
into a set of factors. Unlike PCA, the factors do not try to reproduce the whole
variability of the data set but merely the covariance among the variables [26].
Examples of the usage of factor analysis in GA include identifying clusters of
intercorrelated gait parameters [171] and applying it to EMG signals to detect
multiple muscle activation patterns associated with human locomotion [26].
Multivariate correspondence analysis also allows the identification of asso-
ciations between discretized variables, but the results are a descriptive interpre-
tation that can merely point to the next step of the study [26].
• Time-dependency: the curves obtained during gait analysis show a quasi-periodic
temporal dependence [26]. Even the fluctuations observed in gait data at self-
selected walking speed are not random uncorrelated errors and have shown an
allometric control process [182]. Temporal curves are normally discretized (e.g.
peak amplitude, time-to-peak, or value at a specific gait event) but such approach
dismisses explicit time-dependence and possible time-dependent patterns [26].
• The relationship between gait variables is complex and non-linear, which is due
to the intrinsic non-linear dynamics of the human movement (e.g. EMG signal
vs. muscle force) [26, 35]. Therefore, the description of such relationships is often
done only subjectively, due to the complexity of an analytic approach [26].
According to Duhamel et al. [48], the three main problems faced by gait analysts in
the clinical practice are:
1. The reliability of the data, that was already described in the previous list.
2. The classification of patients (healthy vs. impaired), i.e. determining if a subject
belongs (or does not) to the “normal” population is usually achieved through the
comparison of the subject’s gait parameters with the literature (e.g. confidence
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intervals from Perry [129]). When comparing gait curves (e.g. joint angles), con-
fidence bands are created using point-by-point Gaussian theory intervals [48].
Although widely used, Gaussian bands seem to provide an inadequate coverage
probability (54% for a targeted coverage of 90%) and bootstrap prediction has
been suggested to grant a more satisfactory coverage [48, 90].
When it comes to the classification of subjects into categorical groups, other
mathematical tools such as fuzzy logic, or logistic regression could also be
suitable [26].
3. The comparison of signals and populations (e.g. different age groups, before vs.
after treatment) is a problem that involves the detection of temporal similarities
between gait curves [26]. This can be achieved through an analysis of variance,
canonical correlation analysis, or by using correlation coefficients such as the
Pearson product-moment correlation coefficient (PCC or Pearson’s r) or Spear-
man’s rank correlation coefficient (Spearman’s rho) [26, 48, 84, 126, 152]. The
PCC is the most widely used but it can only identify linear relationships among
the signals [23], while Spearmann’s rho can also identify monotonic relationships
[124].
When a systematic analysis between a set of variables is performed, a correlation
matrix is created. Correlation matrices can be used to identify the existence
(or absence) of relationships among multiple variables. As an example, Parafita
showed how some gait parameters are related with medical scales [124]. Another
usage of correlation matrices is for creating gait pattern signatures that charac-
terize the gait of the patient and can be used to measure different conditions or
test groups [126].
In the research context, pattern recognition and selection of gait parameters have also
been the focus of many studies. Therefore, two more items can be added to the list of
challenges of GA:
4. Selection and prediction of gait parameters which is usually achieved through
regression or artificial neural network.
Regression assumes that a target signal depends on a set of explanatory vari-
ables, and a numerical model (linear, inverse, etc.) that explains this relation is
created. In gait analysis, regression has been used to test the relationship be-
tween features [23, 46, 120]. Multiple linear regression is the core method used
in the present study and is fully described in Chapter 4.
A method seldomly used in GA is Principal Component Regression (PCR)
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which, as its name implies, consists of performing a multiple linear regression on
a set of principal components. An example is the work of Grasso et al. [63] to
reproduce the motion of walking backwards based on the principal components
extracted from measurements walking forward.
Neural networks is a technique whose popularity has seen a tremendous boost
in recent years. Similar to regression, a neural network is trained to reproduce
an output signal based on a set of input signals [27]. The network is a flexible
mathematical function that is optimized to accurately replicate as many samples
as possible. Among other applications, it has been used in the classification of
human gait (to differentiate between healthy and pathological gait, or different
types of pathologies), in biomechanical modeling (to predict joint angles based
on EMG signals, and vice-versa), and to predict gait parameters (e.g. velocity,
cadence, etc.) [27].
5. Pattern recognition has been the topic of an increasing number of papers in
recent years. PCR can be used for this purpose, but fractal dynamics can
detect long-range correlation patterns within the trials that would be normally
be regarded as random fluctuations. However, it requires very long trials (i.e. 9
min to 1 h) and is therefore infeasible in a clinical context, and limited to research
[26, 70, 181].
1.5 Gait summary measures
Computerized GA produces large volumes of kinematical and dynamic data which are
not always easily understandable by the clinicians. Studies have been focusing on
extracting and comparing gait parameters [5, 174, 180], characterizing the gait using
cross-correlation matrices [124–126], or defining a gait profile (e.g. Movement Analysis
Profile — MAP [10, 29]), but numerical indices, i.e. gait summary measures, are highly
desirable as they reduce the data dimension and provide a measure of the degree of
impairment of the patients.
Such scales are a benefit for the establishment of the level of functional limitation due
to a pathology, the observation and documentation of the gait pattern over time, and
the evaluation of the effect of the therapy measures [29, 82].
There is a vast number of medical scales that doctors and physiotherapists use to
quantify the extent of specific pathologies, compare a specific subject with others with
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the same diagnosis, document the progress of the pathology, or examine the effect
of therapy [141]. Examples of such evaluation methods include the Edinburgh Gait
Score, the Functional Gait Assessment, the Gross Motor Function Measure, the Gait
Abnormality Rating Scale, etc. Medical scales are a good way to evaluate the patients,
but they are usually based on qualitative visual assessment and are therefore dependent
on the rater, despite the existence of software that facilitates the calculation of medical
scales such as the Edinburgh Gait Score (see P&O Clinical Movement DATATM by
Siliconcoach, New Zealand).
In this context, a numerical approach is recommendable, but most of the existing
metrics focus on the performance of single joints or muscles:
• the dynamic ankle stiffness [36];
• the hip, knee and ankle moment vs. angle loops [58]; and
• the hip flexor index, developed to measure the function of the hip flexors after
hip surgery [29, 151].
There are also a few numerical gait summary measures that can be used to assess gait
symmetry, such as the symmetry ratios developed by Patterson [124, 127] and the limp
index (developed by Vicon, UK), but those only evaluate singular aspects of the gait
pattern. Other numerical gait summary measures have shown a correlation with visual
assessments [82, 187] and physical functioning measures of the gait [82, 167]. However,
the author of the present dissertation could not find any objective tool to reproduce
medical scales that can be parallely used by clinicians.
The most common numerical scale that provides an assessment of the overall gait based
on instrumented GA parameters is the Gillette Gait Index (GGI), formerly known as
the Normalcy Index. The GGI is based on the PCA (see Section 1.4) of 16 gait features
(see Tab. 1.1) and is given by a single number that represents the deviation of a subject’s
gait from the average unimpaired gait. The authors state that while evaluating gait
deviations, not only changes in gait features should be identified but also changes in
the relationship between the features which is why PCA is needed [150].
The GGI seems to be a good indicator of the severity of a patient’s diagnosis [141], and
could be used to measure the outcome of treatments [187], and the authors suggest the
number of features might even be reduced [150]. However, the 16 extracted features
only cover the movement of the lower limbs and are therefore insufficient to identify
specific irregularities of the upper body such as arm stiffness or posture disorders.
Furthermore, the GGI is an open-scale of difficult interpretation.
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Table 1.1: Spatio-temporal and kinematic parameters used in the computation of the
GGI [150].
• Time of toe off • Peak hip abduction in swing
• Walking speed • Mean hip rotation in stance
• Cadence • Knee flexion at initial contact
• Mean pelvic tilt • Time of peak knee flexion
• Range of pelvic tilt • Range of knee flexion
• Mean pelvic rotation • Peak dorsiflexion in stance
• Minimum hip flexion • Peak dorsiflexion in swing
• Range of hip flexion • Mean foot progression angle
Another shortcoming of the GGI is its use of instantaneous values from the gait cycle
(see Tab. 1.1) which is the reason why other gait summary measures, such as the Gait
Deviation Index (GDI), the Gait Profile Score (GPS), and the Gait Variability Index
(GVI), have been developed [29, 61, 82].
The GDI is obtained through the singular value decomposition of 9 kinematic variables
during the entire gait cycle: 3D-angles of the hip (3) and pelvis (3), flexion-extension
curves of the knee (1) and ankle (1) joints, and the progression of the feet (1) [99].
Then, the first 15 singular vectors are used to calculate the deviation from a set of
control subjects. The GDI is then scaled in such a way that the average of a group is
100 and the standard deviation is 10 [82, 99].
On the other hand, the GPS does not use singular value decomposition. Its developers
aimed to simplify the computation of the GDI and therefore made it more easily adapt-
able [99]. It is given as the root-mean-squared error (RMSE — in degrees) between
the same 9 kinematic variables used in the GDI of a given subject and the mean from
the control database. The GPS and the GDI are closely related, but the GPS has the
added advantages of simplicity, adaptability, and requiring a smaller control data set
[10].
All the indices mentioned above are merely based on spatio-temporal and kinematic
parameters, thus ignoring joint kinetics. In this context, the GDI-kinetic was devel-
oped. It is similar to the GDI but is based on the kinetics of the joints rather than on
the kinematics [29]. The GDI-kinetic analyzes the sagittal and coronal moments curves
of the hip, knee and ankle, as well as the power of each of those joints [144]. Then,
singular value decomposition is performed and it was noticed that the linear combina-
tion of the first 20 singular vectors explained 91% of the variance of the original data
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[29, 144]. Similarly to the GDI, the GDI-kinetic is the scaled measure of the distance
between a subject’s gait and the average non-pathological gait of the control data set
(x¯ = 100;σ = 10) [144].
Unlike the indexes mentioned above, the GVI is solely based on the computation of
spatio-temporal parameters (step and stride lengths, step and stride times, swing and
stance times, single and double support times, and velocity). It was created to quantify
the risk of falling, which has been proved to be more correlated with the variability
of spatio-temporal parameters rather than the mean values [61]. The GVI could be
an interesting scale for the evaluation of balance control and gait stability of Cerebral
Palsy (CP) or stroke patients, but it has only been used to compare Friedreich’s ataxia
with healthy control subjects [61], and to assess the effect of aging in gait mobility
[12, 13].
The GGI, GDI and GPS are the most widely used numerical indexes for the overall
evaluation of the human gait but their utilization is limited to the group who developed
them [29].
These indices have seen limited use, mostly with groups of children with CP [10, 99,
141, 150, 187], but some studies have extended their range of application (e.g. lower
limb amputees [82]). Also, a main limitation is the fact that they only focus on the
lower limbs, and are therefore insufficient to recognize disorders of the trunk and upper
limbs motion. Finally, the main disadvantage of the existing gait summary measures is
the large control database needed for comparison (e.g. n = 24 [150]), which turns their
implementation impossible when such amount of data is unavailable. Furthermore,
indexes such as the GGI are an open scale with no clinical meaning and, as they are
given by a single number, there do not contain functional information.
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Chapter 2
Gait and Stroke
Walking is man’s best medicine.
Hippocrates
460 BC – 370 BC
The present chapter introduces the basic concepts of GA, including the description of
the “normal” gait pattern, and the nomenclature commonly used for its characteriza-
tion. Further, the effects of stroke on the gait pattern are presented and discussed.
2.1 On the human gait
The human gait is one of the most important human skills. A patient who recovers the
ability to walk gains a whole new level of independence. It allows him/her to perform
ADLs, such as bathing, dressing or using the toilet on their own, while increasing their
self-confidence and allowing social reintegration. For this reason, independent walking
after stroke is a major objective of rehabilitation, and the recovery of a normal gait
pattern is the ultimate goal for many patients [138].
In this context, it must not be forgotten that:
"There are no average men: all averages are logical constructions out of
data concerning individuals, and the probability that any given individual
will fit exactly all averages is practically zero [24]."
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This applies both to GA, anthropometrics and even anatomy. Thus, the concept of
normality should be regarded with a critical eye, and that rehabilitation should not try
to impose a specific gait pattern on any patient, if he/she is not comfortable with it.
2.1.1 Generalities
The skeletal system consists of over 200 bones with different shapes and dimensions.
In addition to the bones, the skeletal system includes ligaments, tendons and cartilage
[56, 172]. Ligaments have the function of connecting the bones to each other, reinforc-
ing and stabilizing articulations. Tendons are bands of fibrous tissue connecting the
muscles to the bones, and the cartilage is a non-vascular tissue of firm consistency but
of considerable elasticity whose function is to avoid bone to bone contact and absorb
the compressive forces that occur during articulation [52, 64, 186].
The function of the skeleton is to shape the human body and confer both rigidity and
flexibility, due to the hundreds of articulations it holds. The movements admitted by
the joints can be divided into 4 groups: gliding or angular movements, circumduction
and rotation [64]. These movements are more often than not combined in the various
joints which in the majority of the vertebrate living beings can be grouped into 3
groups, according to the movements they allow (see Fig. 2.1):
• Synarthrosis or immovable joints;
• Amphiarthrosis or mixed articulations; and
• Diarthrosis or movable articulations [64].
The movable joints allow the tri-dimensional movement of the limbs and, in order to
describe this motion, three reference planes are usually used in GA, namely:
1. The sagittal plane which is any plane that divides part of the body into right and
left portions. The median plane is the midline sagittal plane, which divides the
whole body into right and left halves.
2. The frontal plane, also called coronal plane, that divides a body part into anterior
and posterior portions, and
3. The tranverse plane, or horizontal plane, that divides body parts into upper and
lower portions [183].
The planes can be observed in Fig. 2.2, and are useful to define the joints movements.
While some articulations only enable planar movement (e.g. interphalangeal joints),
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Manubrium
Sternal body
Diarthrosis (or movable joint)
Figure 2.1: Types of articulations existing in the human body (adapted from [56]).
others act like a spherical joint, rotating about three spatial directions (e.g. shoulder).
In order to describe the motion of the human body joints, it is necessary to first estab-
lish a consistent nomenclature. However, during the literature review, a discrepancy
between the names given to different joint motions was found. In the present work,
the name of the joint movements was set as shown in Fig. 2.3.
2.1.2 Concepts and definitions
GA is the systematic study of the human gait motion and, in a strictly clinical point-
of-view, it can be described as the process of determining what is causing the patients
to walk the way they do. GA is composed of two main steps: quantification and
interpretation. Whilst quantification refers to the measurement, processing and feature
extraction of the subject’s gait, interpretation is the process of discussing findings and
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Figure 2.2: Anatomical position, with three reference planes and six fundamental di-
rections [183].
drawing conclusions. In a clinical context, interpretation is sometimes referred to as
diagnosis but it is mainly an assessment process intended to help the medical staff plan
optimal treatment [9, 183, 185].
Normal human walking can be defined as the process of locomotion involving the use
of the two legs, alternately, to provide support and propulsion, with at least one foot
in contact with the ground at all instants, thus differentiating it from running [183].
The walking process is a smooth periodical repetition of successive gait cycles (GC),
which is defined as the time interval which separates two successive occurrences of one
of the repetitive events of walking. It is conventionally accepted that the GC starts
and ends with the initial contact of one of the feet [52].
According to Whittle [183] and Perry [129], during a GC, seven major events can be
identified (see Fig. 2.4), namely:
1. Initial contact or foot strike (FS)
2. Opposite toe off
3. Heel rise
4. Opposite foot strike
5. Terminal contact or foot off (FO)
6. Feet adjacent
7. Tibia vertical
8. (Next cycle initial contact)
These events are commonly used to divide the GC, and the relative duration of the
intervals (in percentage) is common practice in GA [86, 129, 183]. Thus, it is possible
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Figure 2.3: Definition of the motion of the movable articulations.
to identify two main phases: stance (usually ca. 60% of the GC) and swing (ca. 40%
of the GC), and 7 sub-phases which are described in detail in Tab. 2.1 and illustrated
in Fig. 2.4. It is important to remember that these definitions are made for a healthy
gait in which foot strike and foot off can be used interchangeably with heel strike and
toe off, respectively. Furthermore, there are in each GC two double support periods,
i.e. periods of time when both feet are in contact with the ground (see Fig. 2.5) and
which usually last around 10% of the GC [129, 183].
2.1.3 Arm swing and interlimb coordination
The process of walking is the result of a finely tuned coordination of the two legs,
and although the role of the upper limbs is frequently ignored, it is essential for a
functionally adaptive gait [7, 159].
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Table 2.1: Sub-phases of a healthy gait cycle [52, 129, 183].
Stance phase
1. Loading response
Loading response is the double support period between heel strike and opposite
toe off. During this period, the foot is lowered to the ground by plantarflexion
and the GRF increases rapidly in magnitude, as total plantar contact is reached.
Usually, it lasts the first 10-12% of the cycle.
2. Mid-stance
Mid-stance is the period between opposite toe off and heel rise. During this phase,
the shank is rotating forward about the ankle joint, as the foot sole remains in
full contact with the ground. Thus, the ankle angle changes from plantarflexion
to dorsiflexion. It represents about 18% of the gait cycle.
3. Terminal stance
Terminal stance starts at heel rise (or heel off) and ends when the opposite heel
strike occurs. At the end of terminal stance, the dorsiflexion reaches its maximum
value. It represents 20% of the gait cycle.
4. Pre-swing
Pre-swing starts at the opposite heel strike and ends when the stance limb toe
off occurs. It is the second double support period of the gait cycle. During this
period, the ankle movement changes into plantarflexion and the peak of ankle
plantarflexion occurs at toe off. Pre-swing lasts about 10% of the gait cycle.
Swing phase
5. Initial swing
Initial swing begins at toe off and continues until the maximum knee flexion
occurs, which coincide with feet adjacent position, i.e., when the swing foot over-
takes the stance foot. During the swing phase, the ankle is moving from a plan-
tarflexed position at toe off towards a neutral or dorsiflexed attitude in terminal
swing. It lasts about 15% of the gait cycle.
6. Mid-swing
Mid-swing is the period between feet adjacent and tibia vertical. At this phase,
the ankle attitude becomes less important and it may be anywhere between a few
degrees of plantarflexion and a few degrees of dorsiflexion. Mid-swing represents
10% of the gait cycle.
7. Terminal swing
Terminal swing is the final phase of the swing phase. It is the deceleration phase
where the knee fully extends in preparation for heel strike. In this phase, the
ankle muscles activity increases to hold the ankle in position in anticipation of
the greater contraction forces developed during the loading response. Terminal
swing duration is about 15% of the gait cycle.
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Figure 2.4: Typical normal gait cycle of the right leg (green) illustrating the major
events and phases of gait, the single and double support phases and their respective
relative duration (adapted from Winter [185]).
The role of arm swing
While the swing of the arms during gait may seem energetically inefficient, many
explanations for such movement have been proposed [30]. Such explanations include:
• reducing the vertical displacement of the CoM [107]
• reducing the angular momentum, the angular displacement or the ground reaction
moment about the vertical axis [30]
• preventing uncontrolled arm motion [30]
• increasing gait stability [30, 140]
• reducing lateral head rotation during gait [130]
• facilitating the movement of the legs [100]
• reducing the energetic cost of walking [100]
Some early studies have even suggested that the arm movement may merely be an
evolutionary artifact from quadrupedalism with no particular intent [80, 107].
However, the energy cost of walking with gait is considerably higher when the arms
are prevented from swinging or adopt an anti-normal swing (e.g. left arm swinging in
phase with the left leg) [30, 100, 130]. Furthermore, the idea of arm swing being a
passive movement is currently accepted [30, 130], although it has been hypothesized
that the swing motion may be stabilized by active muscle control [100]. An underlying
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Figure 2.5: Timing of single and double support phases during both legs gait cycles
[183].
pathology such as stroke (see Section 2.2) can cause a number of detrimental conse-
quences to the gait pattern, such as reduced walking speed, cadence, and stride length
(see Section 2.3) [140]. Additionally, it can also affect the movement of the upper limbs
and can completely immobilize an arm (see spasticity in Section 2.2.4), thus affecting
arm swing.
Interlimb coordination
Another important concept is interlimb coordination, which is easily understood once
the healthy gait is identified as a crossed movement, i.e. the swing of an arm is syn-
chronized with the swing of the opposite leg. This synchronization is the reason why
the peaks of amplitude of both leg and arm swing are reached at the same instant: at
foot strike (Fig. 2.6a) and at foot off (Fig. 2.6b) [152].
2.1.4 Measuring the human gait
GA is, for the vast majority of clinicians, an observational process, but nowadays,
instrumented GA is becoming common practice. Several kinds of measurements can be
made using a number of different techniques to measure either the kinematics (position
and joint orientation), the kinetics (moments and forces), muscle activity or energy
consumption of the walking process.
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(a) (b)
Foot strike Foot off
Figure 2.6: Healthy gait with identification of the left arm (green sticks) and right leg
(red sticks) at (a) right foot strike, and (b) right foot off.
Gait kinematics
Human kinematics can be defined as the detailed description of the patterns of move-
ment of the body and limbs independently of the forces (either internal or external)
that cause the movement. The study of human kinematics includes linear and angular
displacements, velocities and accelerations of the body parts, in 2- or 3D. A num-
ber of Motion Capture (MoCap) systems to measure the human kinematics has been
developed which include:
• Goniometers that are electrical potentiometers that can be attached to a joint to
measure a joint angle. Each arm of the goniometer is attached to a limb segment
and the voltage output is proportional to the joint angle. Goniometers are simple
and inexpensive devices but their placement is very time consuming and they can
encumber the movements of the test subject [185].
• Movie conversion which is a technique that consists in recording the human gait
using one or more video camera recorders. Outdated products required the man-
ual identification and tracking of each desired anatomical landmark in 2D, frame-
by-frame, following the measurement [185]. However, nowadays, there is video
analysis software that provides semi-automated point tracking, and the measure-
ment of times and distances (e.g. Kinovea, France) [85]. Newer systems like
the Simi Aktisys 3D by Simi Reality Motion Systems GmbH, Germany [157], or
the OpenStage 2 by Organic Motion Inc, USA [122], even allow the automatic
tracking of the markers in realtime.
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• Cameras with passive markers are a technique that consists of placing a set
of markers (retroreflective spheres) on the subject skin, at palpable anatomical
landmarks1 [52, 175, 185]. The subject walks along a walkway, or on a treadmill,
and a set of high-powered strobes located around the room emits light in the
infra-red (IR) spectrum. The position of the reflective markers is triangulated
using the angle and time delay between the emitted and reflected signal [185].
After labeling and filtering the markers trajectories, a 3D model can be created to
compute the angular position, velocity and acceleration of each joint [52]. Vicon
(UK) [96], Qualisys (Sweden) [132], and Optitrack (NaturalPoint Inc., USA) [110]
are representative examples of this kind of technology.
• Cameras with active markers or optoelectric imaging systems require the subject
to wear small IR LED markers that blink and are detected by one or more cameras
[175, 185]. The Optotrak system (Northern Digital Inc., Canada) in particular
consists of three cameras mounted on a rigid frame that detect the markers in
different planes [116]. The location of the marker is obtained by calculating the
intersection of the planes.
• Wearable technology uses inertial measurement units (IMUs) that are attached
to the body parts [175]. IMUs are electronic sensors which are a combination of
gyroscopes, accelerometers, and sometimes magnetometers, that can be used to
measure linear and angular motion. They can come in the form of a suit such as
the Xsens MVN (Xsens, Netherlands [189]), or sensors placed individually (e.g.
myoMOTION by Noraxon, USA [114], and the Perception Neuron by Noitom,
China [113]).
• Recently, a novel sensing system know as depth or RGB-D cameras has appeared
on the market. These systems capture RGB images along with per-pixel depth
information thus creating a 3D point cloud that can be used for 3D reconstruction
[74]. The cloud is obtained by projecting a known pattern (so-called speckles) in
the IR spectrum; each speckle is observed and triangulated by two IR cameras
[25]. RGB-D cameras are relatively inexpensive and, in the context of GA, they
can be used for body and gesture tracking and ambulatory motion analysis [8, 25].
Examples of this technology include the Microsoft Kinect v1 (Microsoft, USA),
the Xtion Pro Live (Asus, USA [8]), the Primesense Carmine 1.09 (Primesense,
Israel [79]) and the Ensenso (Freiburg, Germany [50]) [78, 175]
• Finally, time-of-flight or merely ToF cameras are similar to depth cameras but
the depth information is obtained by measuring the time a near-IR light pulse
1For a detailed description of a marker placement protocol, see Section 4.3.
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takes from its emission by the source until it is detected by the sensor after
reflection on the 3D scene [25, 78]. These systems include the Kinect for Win-
dows v2 (Microsoft, USA), the PMDVision CamCube (pmdtechnologies GmbH,
Germany), the Creative Senz3D (Creative Technology Ltd., Singapore [33]), the
SR4000 (Mesa Imaging, Switzerland [1]), the Fotonic E70 (Fotonic, Sweden),
the PMD 3D sensor O3D200 (ifm electronic GmbH, Germany), and the Nippon
Signal FX6 (Nippon Signal CO., Ltd., Japan) [136, 175].
Despite the number of RGB-D and ToF cameras, most of these systems are typically
used for environment modeling [74] or for industrial applications, such as measuring
wood logs or picking up small objects [50]. When studying the human movement, the
use of the Microsoft Kinect (v1 and v2, USA) and the Asus Xtion (USA) are the most
common practice [175].
Gait kinetics
The kinetics of the human gait are usually computed using inverse dynamics. This
calculation is possible by developing a multibody model which features the kinematic,
anthropometric and inertial properties of the human body [185]. Simplifications to the
model are usually made according to the aim of the study (e.g. bidimensional model,
or a single segment representing the head, arms and trunk — HAT) [44, 52, 156].
Kinematics are obtained using the methods described previously, and anthropometric
data can be calculated using anthropometric tables [185]. However, the external forces
acting on the model have to be measured in order to determine the joint reaction forces
and muscle moments [185]. In GA, these external forces are typically the GRF whose
magnitude and point of application (center of pressure) can be measured with:
• Force plates, such as AMTI (Advanced Mechanical Technology, Inc., USA [2]),
and Kistler (Kistler Instrumente GmbH, Germany) force plates, which provide
vertical and shearing forces, as well as the position of the point of application on
the surface of the plate (i.e. the center of pressure). They are very precise and
are appropriate for high frequency measurements.
• Pressure plates (e.g. the MatScan by Tekscan, Inc., USA [166]) that are a ma-
trix of pressure sensors that can map the distribution of pressures and calculate
resulting CoP as a weighted average of the force measured by each sensor. They
measure only the vertical components of the GRFs and can be cut in the shape
of a shoe insole to fit inside the test subject’s shoe (e.g. F-Scan by Tekscan, Inc.,
USA [165] or Medilogic by Noraxon, USA [115]).
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Muscle activity
A deeper analysis of the body function consists in measuring the muscle activity. When
muscle fibers are activated by nerves, their electrical potential jumps from -80 mV to
+30 mV for about 2 ms. This impulse, called action potential, when occurring simul-
taneously in several fibers (i.e. motor units), leads to the contraction of the muscle [9].
The action potential of a certain muscle can be measured using EMG. This technique
consists of placing electrodes on the subject’s skin in the immediate vicinity of the
muscle, as the signal reduces with distance. Invasive electrodes can also be used which
are inserted directly into the muscle. However, surface electrodes are generally ade-
quate and to be preferred [9]. After the measurement, the signal needs to be processed
and normalized. The analysis of EMG signals provides valuable information on the
recruitment of different muscles fibers or the fatigue state of the muscle, and allows
the assessment of the relationship between muscle activation and muscle tension [185].
Energy consumption
Finally, it is possible to assess the metabolic rate of the gait process using methods
such as respirometry. Respirometry is a method of evaluating the energy consumption
of biological systems by collecting and measuring the oxygen consumption and the
carbon dioxide production [92]. The procedure consists in collecting the expired gas in
a Douglas bag and analyzing its content at the end of the trial. The metabolic rate can
be calculated based on the measured volume of oxygen (measured minus resting) and
assuming an energy equivalent of 20.9kJ per liter of oxygen [102]. Measurements should
be made during rest and activity so the energy consumption of resting is subtracted to
the energy cost of the desired activity.
Calorimetry systems can also be used to assess the energy cost of tasks such as walking
but, in this case, metabolism equates to heat production. In this context, the heat
produced by the test subject can be measured in a calorimeter (direct calorimetry)
or by measuring the oxygen consumption and carbon dioxide production (indirect
calorimetry) [92]. This is possible since the heat production depends on the initial
reactants and the final products (Hess’s law of constant heat sums) [92].
Chapter 2. Gait and Stroke 25
2.2 Stroke
2.2.1 Definition
Stroke, also known as Cerebrovascular Accident (CVA), is classically characterized
as a focal injury to the central nervous system that causes cerebral infarction, i.e.
the necrosis of brain tissue caused by lack of oxygen arriving to the brain. Stroke
has vascular causes which may be ischemic (when a blood vessel is obstructed) or
hemorrhagic (due to bleeding) [145].
The World Health Organization (WHO) introduced a definition of stroke in 1970 which
is still currently used. According to this definition, a stroke is
"...rapidly developing clinical signs of focal (or global) disturbance of cerebral
function, lasting more than 24 h or leading to death, with no apparent cause
other than that of vascular origin."
WHO [3, 145]
Both the classical and WHO definitions are outdated and do not take into account
advances in science and technology or the fact that stroke is a heterogeneous disease
that includes several subtypes.
For this reason, the American Heart Association/American Stroke Association created
an expert committee to establish an universal definition of stroke. This study resulted
in a number of sub-definitions based on the causes of the accident that are listed and
presented in Tab. 2.2 [145].
2.2.2 Risk factors and prevention
The incidence of stroke is age related. There’s a 10 fold increase in stroke incidence from
childhood to early adulthood, a further 10-fold increase between early adulthood and
middle age, and a further 10-fold increase between middle age to old age [93]. Stroke
is more common in men than women at younger ages, but more women experience
strokes at older ages. Furthermore, more women than men die from stroke [109]. Other
biological indicators, such as race and family history, also proved to be indicators of
stroke susceptibility. Besides those factors, stroke risk is increased when the patient
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Table 2.2: A summary of cerebrovascular disorders: listing and definitions [145].
Disorder Definition
Ischemic stroke An episode of neurological dysfunction caused by focal
cerebral, spinal, or retinal infarction. This is the most com-
mon type of stroke.
Stroke caused by
intracerebral hemor-
rhage
Rapidly developing clinical signs of neurological dysfunc-
tion attributable to a focal collection of blood within the
brain parenchyma or ventricular system that is not caused
by trauma.
Stroke caused by sub-
arachnoid hemorrhage
Rapidly developing signs of neurological dysfunction
and/or headache because of bleeding into the subarachnoid
space (the space between the arachnoid membrane and the
pia mater of the brain or spinal cord), which is not caused
by trauma.
Stroke caused by cere-
bral venous thrombo-
sis
Infarction or hemorrhage in the brain, spinal cord, or
retina because of thrombosis of a cerebral venous structure.
Symptoms or signs caused by reversible edema without in-
farction or hemorrhage do not qualify as stroke.
Transient ischemic at-
tack (TIA or mini
stroke)
Transient episode of neurological dysfunction caused by fo-
cal brain, spinal cord, or retinal ischemia without acute
infarction.
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has chronic hypertension, diabetes, overweight and obesity, high cholesterol, or vascular
diseases (such as heart diseases, atrial fibrillation and carotid artery disease). Previous
strokes or episodes of TIA also increase the chances of suffering a subsequent stroke
accident. And finally, quitting smoking, limiting alcohol consumption and exercising
regularly are lifestyle factors that can reduce the stroke risk [60, 109].
2.2.3 Statistics
Strokes or CVAs are the most common brain disorder [172]. In the United States of
America, in 2011, stroke was responsible for approximately 5% of the deaths, although
the mortality of stroke has been decreasing in the past decades [105]. This improvement
in population health is due to a decrease in incidence (how many strokes occur per year)
and an increase in prevalence (survival rate after stroke) [93, 105]. Each year, ca. 795
000 people suffer a stroke, from which 185 000 are recurrent events. On average, strokes
occur every 40 seconds and are fatal every 4 minutes [105, 109].
In Europe (EU27), stroke alone was the underlying cause for ca. 9% of all deaths in 2010
[117]. Baltic and central and eastern European countries such as Bulgaria, Romania,
Latvia, and Lithuania have the highest rates with over 200 deaths per 100 000 popu-
lation [117]. The death rate (in 2010) was the lowest in France, closely followed by the
Netherlands, Cyprus, Ireland, Austria, Spain, and Germany. Outside the EU, rates
are also low in Switzerland, Iceland, and Norway (see Appendix A). Since 1995, stroke
mortality has decreased in all EU states, with a more pronounced fall after 2003, which
can be explained, at least partly, by the reduction in risk factors such as smoking and
hypertension [117]. This is also a result of the better medical management of the
patients during the acute phase [60]. In 2010, Portugal was the 8th country with the
highest stroke mortality among the member states of the EU27, although rates have
declined by ca. 60% in Portugal since 1995 [117]. Every hour, ca. 6 inhabitants of
Portugal suffer a stroke, from whom 2 to 3 die [45, 124]. Also in 2010, Germany
presented a mortality rate of 71 people per 100 000 population (33 females and 38
males) way below the EU average of 133 (58 females and 75 males) (see Appendix A)
[117]. France is leading the list of the EU country least affected by fatal strokes. This
confirms the French paradox that observes that the French, although having a high
intake of dietary cholesterol and saturated fats, have a low incidence of stroke and
ischemic heart diseases. It has been suggested that the Mediterranean diet (rich in
fruits and vegetables) combined with the consumption of red wine and regular physical
exercise reduces the incidence of coronary heart diseases [54].
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2.2.4 Effects of stroke
Strokes can be lethal but most fatalities occur in the first 30 days after onset. The
survival rate during this 30-day period is reported to be between 70% to 85% [60]. This
rate largely depends on the type of stroke:
• Ischemic stroke patients survive approximately 85% of the cases, while
• Intracerebral hemorrhage patients have a 30-day survival rate of only 20% to 50%
[60].
Only a very small fraction (23–37%) of the patients who suffered a stroke are able
to walk unaided during the first week. After three weeks or at discharge, this figure
increases to 50–80% and after 6 months it may be as high as 85% [139]. Although the
majority of stroke patients recover an independent gait, 50–60% continue to experience
some degree of motor impairment, and around 50% do not achieve a degree of indepen-
dence that allows them to perform all ADLs without help [15]. Moreover, 80% of the
patients experience hemiparesis (see Tab. 2.3), and after 12 months, 39% of patients
show some sign of spasticity after their first stroke [158].
Immediate post-stroke effects include diminished strength (i.e. the inability to contract
muscle groups voluntary and generate a moment of force of normal amplitude about
a joint) and inappropriately timed and/or graded muscle activity [139]. Later on,
spasticity (which is characterized by an uncontrolled muscle contraction, particularly
in flexor muscles [16]) and changes in the mechanical properties of the muscle tissue
may appear. In those cases, the term “tone” is used to describe an increase resistance
to the lengthening of the muscles [139].
The most common condition caused by stroke is the weakness of one side of the body
also known as hemiparesis [57]. It involves the arm, the leg, and sometimes the face
on one side of the body [142]. Most extreme cases of paresis are classified as plegia
which refers to the complete paralysis. The hemiparetic (i.e. most affected — MA)
side of the body is always the opposite side to the location of the stroke in the brain:
when the stroke occurs in the right hemisphere, the patient will suffer the paralysis
of the left side, and vice-versa [57]. The least affected (LA) side is usually known as
contralateral. Tab. 2.3 compiles the medical terms used to describe the patterns of
paresis or paralysis. The prefix defines the location and distribution of the muscle
weakness, while the suffix the degree of weakness or paralysis. A visual representation
of the types of paralysis can be seen in Fig. 2.7. The same nomenclature is used for
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patients who suffer from CP, stroke, multiple sclerosis, brain tumors, and other diseases
of the nervous system.
Table 2.3: Nomenclature used to define the patterns of paralysis based on their location
and distribution [142].
Prefix
mono- one limb affected (usually an arm) see Fig. 2.7a
hemi- one side of the body see Fig. 2.7b
para- lower limbs affected see Fig. 2.7c
quadri- or tetra-* all limbs and torso see Fig. 2.7d
*Diplegia is a special form of quadriplegia in which the legs are affected more than the arms
Suffix
-paresis weakness of the affected body part
-plegia lost of all voluntary movement of the affected limb (paralysis)
(a) mono- (b) hemi- (c) para- (d) quadri-
Figure 2.7: Possible body parts affected by stroke or CP.
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2.3 Hemiparetic gait
The process of walking can be viewed as the accomplishment of four related tasks that
ensure the proper movement of the trunk and extremities:
1. to maintain the balance of the upper body (i.e. head, arms, and trunk) on two
spherical joints — the hip joints;
2. to transfer and to support the body mass on one single limb support;
3. to ensure toe clearance during swing; and
4. to supply propulsive force for forward progression [138].
These tasks, while easily accomplished with energy efficiency in healthy subjects, are
very challenging to an impaired locomotor control system [138]. The most common im-
pairment is hemiparesis (i.e. the weakness of one side of the body — see Tab. 2.3) which
contributes significantly to reduced gait performance [15, 139]. In those cases, EMG
generally records lower levels of muscle activity on the affected side when compared
to the contralateral side [139]. The hemiparetic gait has been the topic of research
and development in GA and rehabilitation because long after the stroke, many pa-
tients continue to suffer from muscle weakness, impaired motor control, spasticity, and
proprioceptive deficits which cause an abnormal gait pattern [11, 15, 139].
Hemiplegia and hemiparesis affect both the spatio-temporal, kinematic and kinetic pa-
rameters of the gait. Reduced preferred walking speed, decreased cadence and stride
length, increased gait cycle, increased stance phase and double support period are dis-
turbances in spatio-temporal parameters frequently observed in patients with a hemi-
paretic gait [139, 176]. Gait symmetry is also affected: the stance phase of the paretic
side becomes shorter than the contralateral side in order to reduce the amount of time
the body weight is supported by the unstable paretic limb. Similarly, the contralat-
eral limb presents a prolonged stance duration and a shorter swing phase than on the
hemiparetic limb [140, 176].
The kinematics of gait refer to joint angles during the GC and have been extensively
documented in the literature [9, 143, 183, 185]. In this context, the paretic ankle joint
can present a limited dorsiflexion at foot strike and during stance, and an uncontrolled
plantarflexion during swing (i.e. drop foot). Knee hyperextension (i.e. genu recurva-
tum) can occur during stance as well as diminished knee flexion during swing, which,
when allied with drop foot may hinder foot clearance [139]. In these cases, a common
compensation strategy is hip abduction (also known as hip hiking, or circumduction)
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of the swing leg [104, 139]. Furthermore, the range of the hip motion may be reduced
due to the overactivity of hip flexors and adductors, that prevent the hip from fully
extending. This typically causes anterior pelvic tilt and an increased lumbar lordosis
at the end of the stance phase, in order to preserve stride length [183]. The arms
are usually more affected than the legs, and patients with hemiplegia frequently walk
with the affected arm held immobile against their chest, in a characteristic contracted
position (phenomenon known as arm spasticity) [183].
Regarding kinetic deviations, impairment in motor control can cause inappropriately
timed/graded muscle contraction. Low ankle plantarflexor power might be compen-
sated with large bursts of additional plantarflexor power, or with an increase in the
hip flexor activity during pre-swing. Finally, longer double support periods are also
observed, and although they ensure a good balance, they are detrimental to energy
consumption due to the lost opportunity for energy-conservation [139, 176].
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Chapter 3
Overview of Medical Scales for
Assessing the Impaired Gait
Measure what is measurable and make measurable what is not so.
Galileo Galilei
1564 – 1642
The present chapter gives an overview of current medical scales for assessing the im-
paired gait as well as a newly proposed functional score in this setting.
The chapter starts by defining 3 important characteristics of gait: balance, gait stabil-
ity, and gait symmetry, and how they are assessed using instrumented GA.
Subsequently, the current medical scales used in the clinical practice for the quantifi-
cation of the degree of disability caused by strokes are introduced. In this context, a
novel functional score is presented which was developed by the research group of the
ReHabX project.
3.1 Assessing balance, gait stability and, gait sym-
metry
Symmetry, stability and balance are characteristics of a healthy gait. However, when
observing hemiparetic patients (see Section 2.3), a discrepancy in those three essential
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gait parameters is evident. The decline of the ability of individuals to walk in a stable
and symmetric manner and the loss of balance control are consequences of a stroke and
the main concern of many gait assessment studies [124]. Thus, it is important to define
the concepts of symmetry, balance and gait stability and to assess those parameters
using the methodologies available in the literature.
Balance control
Balance is defined as the ability to maintain functional equilibrium by keeping or
returning the center of mass over its base of support (BoS), which is defined as the
area formed by the edges of the body parts in contact with the floor [49, 108]. Balance
plays an essential role in tasks such as getting up from a sitting position, sitting and
walking. Although a number of stroke patients are never able to stand and walk
by themselves again, the ones who can, present a delayed and disrupted equilibrium
reaction as well as an exaggerated postural sway and a reduced weight-bearing on
the paretic limb [190]. In the literature several methods are contemplated to evaluate
human balance [124]:
1. Spatio-temporal features (such as gait speed, step and stride length, step width,
stride time, swing and stance times and cadence) aim to assess balance by
performing comparisons such as paretic (i.e. most affected) vs. contralateral
side, healthy subjects vs. stroke patients, or before vs. after rehabilitation
[73, 124, 149, 190].
2. The CoM and Center of Pressure (CoP) can be analyzed in the antero-posterior
and medio-lateral directions (i.e. movements in the transverse plane). This ana-
lysis focuses on both the displacement and its first and second time derivatives
velocity and acceleration. Imbalance can be evaluated as the divergence between
the trajectories of the CoM and CoP. However, at gait start, divergent trajectories
of the CoM and CoP are responsible for propulsive forces [179].
3. The displacement, velocity, amplitude, regularity, ellipse area, and root mean
square amplitude of the CoP in the transverse plane reflects the orientation of
the body segments and provides information on the strategies used to control
dynamic equilibrium [124].
4. EMG has been used to track the muscle activity of the lower and upper limbs,
since it is responsible for minimizing postural disruptions caused by gait pertur-
bations related to balance [59, 124, 161].
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5. The analysis of segmental displacements of the lateral flexion/reduction of the
head, trunk and pelvis has been suggested to be a valid reference for dynamic
equilibrium and the detection of imbalance, namely the medio-lateral displace-
ment and peak velocity [67]. However, this study concluded that only the motion
of the CoM can detect dynamic instability.
6. Finally, themotion of the hip has been used to assess and understand gait balance
[190]. In this case, the amplitude of the paretic hip flexion-extension angle and
peak of the extensor and abductor hip moments has been evaluated before and
after rehabilitation.
Balance is often evaluated in quiet stance. In this type of measurement, the patient is
asked to stand still, with eyes open or close. Two types of assessment can be performed:
1. A sway analysis can be made by measuring the displacement of the CoP during
quiet standing on a stable surface, with eyes open or closed. Both force plates
(e.g. AMTITM force plates, Advanced Mechanical Technology, USA [2]), pressure
plates (e.g. MatScanTM, Tekscan, USA [166]), or accelerometers placed on the
legs [42] can be used in this analysis.
2. A weight-bearing analysis reveals, in hemiparetic patients, which limb bears more
body weight in quiet standing. It can be assessed with devices as simple as digital
bathroom scales or force plates positioned side-by-side [19, 73].
Gait stability
Gait stability can be defined as the ability of the human body to return to its original
state without falling after a perturbation [22, 32]. Gait stability has been the topic of
many studies and the measures existing in the bibliography can be grouped according
to the following list [124]:
1. The variability of spatio-temporal features (such as gait speed, trunk movement,
step and stride length and step width) can be calculated, since an increase in
variability of the gait pattern and limb coordination is seen as an indicator of
loss of stability, and consequently an increased risk of falling [22, 43, 171]. A
number of variability measures, such as the standard deviation, the coefficient of
variation, or the median absolute deviation can be used in this context [124].
2. The maximum Lyapunov exponent has been used to quantify local dynamic sta-
bility, as it shows the average logarithmic rate of divergence of gait kinematics
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(e.g. joint angles) after a small perturbation [22, 43].
3. The extrapolated CoM (XCoM) can be calculated by adding a linear function
of the CoM velocity to the position of the CoM. It has been used to calculate
the margins of stability (spatial and temporal). The spatial margin of stability
represents the distance between the XCoM and the border of the BoS, while the
temporal margin of stability is the time the individual takes to recover stability
without intervention (i.e. return the CoM over the BoS) [22, 124].
4. The maximum Floquet multiplier quantifies the rate of convergence/divergence
of continuous gait variables (e.g. joint angles) towards a limit gait cycle following
a transient perturbation. The more strides it takes to return to the limit cycle
trajectory, the less stable the gait pattern is [22, 124].
5. The harmonic ratio shows how smoothly the individuals control the upper body
during gait, which is a good indication of body balance and coordination. The
harmonic ratio is calculated by decomposing the acceleration of the trunk in the
three directions using the discrete Fourier transform. Higher values indicate a
smoother and more stable movement of the trunk during gait [124].
6. A recurrence quantification analysis (RQA) quantifies the deterministic structure
and the non-stationarity of complex dynamic systems. In GA, it has been applied
to the 3D accelerations of the L5 vertebra [17], and to the 3D accelerations and
angular velocities of the head, trunk and pelvis during gait, thus characterizing
gait stability [162]. The measures extracted from RQA are usually the recurrence
rate, determinism, the averaged diagonal line length, and the maximal diagonal
line length [124].
7. A multiscale entropy analysis can also be used to quantify the regularity and
predictability of time series. In gait stability, a regular and predictable gait is
considered stable. In this context, the regularity of time series can be obtained
by calculating the sample entropy, which represents the conditional probability
that two similar sequences ofm consecutive data points remains similar when one
consecutive point is included (m + 1 data points) [17, 124]. As a representative
example, multiscale entropy has been applied to the 3D accelerations of the L5
vertebra [17].
8. A detrented fluctuation analysis can be performed for parameters such as step
length, step time, impulse, duration of contact, and peak active force. Long-range
correlations have been detected, and have revealed that future gait variations are
dependent on past variations. This analysis assesses the degree of locomotor
control as a measure of gait flexibility and adaptability, thus showing that long-
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range correlations are related with dynamic gait stability.
9. The foot placement estimator predicts where the feet should be placed for the
gait to be stable. This method assumes that there is no loss of energy and it
estimates where the foot should be placed to keep the system energy equal to its
peak potential energy after the transition from one leg to the other [22].
10. Although there is no reference to the gait sensitivity norm used in human walking,
it has been successfully used in robotics to predict the reaction of a gait indicator
(e.g. step width) to specific perturbations, such as being pushed [22].
11. Finally, the maximum allowable perturbation, i.e. the largest perturbation of the
gait that can be handled without falling under optimal conditions, would be an
excellent stability indicator. However, very little has been done to estimate such
a concept and it probably has limited meaning in daily life due to the testing
conditions [22].
As for balance control, a sway analysis is often used to evaluate stability. In this case,
both vertical and tangential GRF, as well as the velocity and standard deviation of the
displacement of the CoP are analyzed [89].
Furthermore, stabilizing and destabilizing forces can be calculated to assess stability
during lifting. The stabilizing forces are the forces needed to stop the motion of the
CoP in the direction of the border of the BoS, while the forces “pushing” the CoP
outside the BoS (ignoring current velocity) are the destabilizing forces. A lower ratio
between the two indicates high stability and low risk of falling, and while a higher value
shows that it requires a large effort to prevent a fall [22].
Gait symmetry
The most common definition of gait symmetry is the perfect agreement between the
kinetics and kinematics of the right and left limbs [76]. However, another definition
states that a gait is symmetric when there is no statistical difference between param-
eters measured on both sides [148]. The assessment of gait symmetry is usually made
through the comparison of gait parameters on both sides. This analysis can be made
by comparing spatio-temporal features [103, 111, 124, 127, 153], joint ankles (e.g. range
of motion) [111, 153] or moments [146], GRFs [111], and the displacement, velocity and
standard deviation of the CoP [28, 103].
For a simpler analysis, a number of symmetry indicators has been developed in the
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literature [124, 127]. Those include:
• the symmetry ratio I [124, 127]
Symmetry ratio I = ϑparetic/ϑnon-paretic (3.1)
• the symmetry ratio II [81, 124]
Symmetry ratio II (%) =
ϑparetic − ϑnon−paretic
max(ϑparetic; ϑnon−paretic)
× 100% (3.2)
• the symmetry index [124, 127]
Symmetry index (%) =
(ϑparetic − ϑnon-paretic)
0.5× (ϑparetic + ϑnon-paretic) × 100% (3.3)
• the gait asymmetry [124, 127]
Gait asymmetry (%) = |100%× [ln(ϑparetic/ϑnon-paretic)]| (3.4)
• the symmetry angle [124, 127]
Symmetry angle (%) = [(45◦ − arctan(ϑparetic/ϑnon-paretic))× 100%]/90 (3.5)
where υ represents any gait feature, such as step length, swing or stance times, double
support time, or an intra-limb ratio (i.e. swing/stance time) (usually, time comes in
seconds and lengths in centimeters) [127]. As a representative example, the limp index
(developed by Vicon, UK) is the symmetry ratio I computed using the stance time:
Limp index =
Stance timeparetic
Stance timenon-paretic
(3.6)
3.2 Medical stroke scales
The impact of stroke and the individual neuronal regeneration capacity highly varies
from patient to patient. Thus, in the clinical practice, the degree of impairment of
stroke patients is quantified using a number of medical scales that allows the clinicians
to screen the patients and monitor their progress. These traditional scales include
the Barthel Index, the FIM, the mRS, the NIHSS, the ESS, and the BBS [75, 124,
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137], among hundreds of others, but there is currently no perfect scoring method.
These scales are widely used, but they are mostly intended to quantify the degree of
independence and the performance of stroke patients in ADLs in order to determine
to what extent the patient needs assistance.
However, when looking at gait assessment in particular, there is no widely used ranking
scale, and gait speed has been commonly used as the outcome measure of choice [138].
Gait speed is a practical and inexpensive measure, and has proved to be valid, reliable
and responsive to change in locomotor performance. Furthermore, it is positively re-
lated to the strength of the muscles of the paretic leg, to the ankle push-off at foot off,
to clinical measures of recovery of the lower limbs, and to the quality of the gait move-
ments. It is also inversely related to the degree of spasticity of the plantarflexor muscles
but is independent of spasticity of the muscles around the knee [138]. A gait speed of
70cm/s can be considered sufficient to an autonomous locomotion but for functional
mobility a person must walk at a minimum speed of 80cm/s. Patients walking at a
natural speed of 70cm/s may not be capable of fast walking (e.g. increasing the velocity
by 10 to 25cm/s to cross a busy street). For this reason, while assessing the gait speed
that ensures independence in the community, locomotor therapy should challenge the
patient to walk as fast as possible and in different conditions than the regular leveled
surface. Ascending and descending slopes, moving the head while walking, or climbing
up and down stairs are beneficial training exercises that should not be disregarded
[138].
On the other hand, to eliminate inter-institutional discrepancies, a standardized gait
protocol must be made. Usually the TUG test is performed (see Section 3.2.1) or the
gait speed is measured over distances of 5m, 10m, or 30m in different stages of the
rehabilitation to monitor the recovery of the patient.
3.2.1 Traditional medical stroke scales
Two medical groups with an extensive experience in neurology and physiotherapy were
involved in the ReHabX project (see Section 3.2.2): MediClin Fachklinik Rhein-Ruhr,
in Essen, and Heinrich Heine University Hospital of Düsseldorf, and both used the
medical scales listed in Tab. 3.1 to assess the degree of impairment of stroke patients.
These medical scales are described in the following paragraphs, and the corresponding
medical definitions are included in Appendix B. It is important to note that they
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should only be administered by health care professionals with knowledge on how to
safely mobilize stroke patients, and that certification is required for some of the scales
(e.g. NIHSS) [18, 95, 124, 137].
Table 3.1: List of traditional stroke scales and respective acronyms.
Traditional stroke scales
• Barthel Index (BI)
• Functional Independent Measure (FIM)
• National Institute of Health Stroke Scale (NIHSS)
• European Stroke Scale (ESS)
• Modified Rankin Scale (mRS)
• Berg Balance Scale (BBS)
• Timed Up and Go test (TUG test)
• Timed 10 meter walk test
Barthel Index (BI)
The BI is a scale that shows the performance of patients while realizing 10 ADLs (e.g.
grooming, feeding, walking, etc.). Each performance is graded, and the result is a scale
that varies from 0 to 100. The BI shows the degree of independence of the patient in
self-care and mobility, since the activities assessed include feeding, bathing, dressing
and walking, but they do not address the cognition and psychological domain of the
patient. Each task is given a number of points according to if the patient can complete
the task and how much help he needs to do so. However, some parameters are weighted
more heavily than others (i.e. 0-5, 0-10, or 0-15). The BI can be administered by any
health care professional, and is not only used for stroke patients, but also in several
neurological disorders [14, 75].
Functional Independent Measure (FIM)
The FIM is an 18 item indicator of patient disability. It has both a motor dimension
that includes eating, grooming, bathing, dressing, toiletry, bowel and bladder man-
agement, transferring, and ambulation; and a social-cognitive dimension that includes
communication, social interaction, problem-solving, and memory. Each item is ranked
from 1 (total dependence) to 7 (complete independence), and the total score is the sum
of the scores of each task. This final score is a basic indicator of the patient’s functional
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ability [14, 75]. The FIM can be expanded by adding new items, e.g. the Functional
Assessment Measure (FAM), which includes 12 new tasks covering mainly cognition,
or used together with other scales such as the BI for a more detailed assessment of the
patient disability.
National Institute of Health Stroke Scale (NIHSS)
The NIHSS, most commonly used for acute stroke patients, is an instrument that quan-
tifies neurological post-stroke deficits. The patients are evaluated on the performance
of 11 tasks, each of which is given a variable score from 0 to 4. A score of 0 indicates
that the task was performed normally while tasks that are completed with difficulty or
not completed at all are given a score of 2 to 4, depending on the item. A global score
higher than 15 points indicates that the patient suffered from a major stroke; scores
between 5 and 15 indicates a moderate stroke; less than 4 points is considered a mild
stroke, and 0 shows no stroke symptoms at all. This examination has the duration of
10 minutes and can be administered by anyone with neurological examination experi-
ence and who possesses the appropriate certification, such as neurologists or emergency
room physicians [75].
European Stroke Scale (EES)
The ESS was developed to detect therapeutic effects and match treatment groups in
stroke trials. It is designed for patients with middle cerebral artery stroke and consists
of 14 items rated with a variable scale of 0 , 4, 8, or 10 possible points. The ESS is
calculated as the sum of the individual scores and ranges from 0 (maximally affected)
to 100 (completely normal) [68].
Modified Rankin Scale (mRS)
The mRS measures the level of impairment of patients who suffered neurological dis-
abilities by evaluating the level of the patient’s independence while performing ADLs.
It is the most widely used scale to measure the outcome of stroke. The mRS score
is a very coarse scale that ranges from 0 (no symptoms) to 6 according to the level
of assistance that the patient requires to perform a task. A score of 5 indicates that
the patients has a severe disability and requires constant nursing care and attention.
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The maximum score (6) corresponds to “dead”. This scale can be administered by
neurologists or other health care professionals [14, 66, 75].
Berg Balance Scale (BBS)
The BBS is a scale that quantitatively evaluates both static and dynamic aspects
of balance, as well as the risk of falling, through direct observation of the patient’s
performance. The evaluation consists in completing 14 balance related tests such as
standing up, sitting down, or standing unsupported, with eyes closed, feet together,
on one leg, or in tandem position. Each item is scored from 0 (unable to perform the
task) to 4 (task completed independently). The BBS is calculated as the sum of the
individual scores and if the balance of the patient can be classified as impaired (0-20),
acceptable (21-40), or good (41-50). Usually patients with score of 0 are confined to a
wheelchair. The BBS is easy to obtain, involves minimal equipment, and takes between
10 to 20 minutes to complete [18, 95].
Timed Up and Go test (TUG test)
The TUG test is a quick and easy instrument to evaluate the patient’s mobility re-
quiring static and dynamic balance. The TUG test consists of measuring the time a
patient takes to rise from a chair, walk a distance of 3 meters, turn around, walk back
to the chair, and sit down again. During the test, the subjects can use any walking
aid (e.g. cane or orthosis) but cannot receive external assistance [138]. The use of a
walking aid makes the test accessible to patients starting locomotor rehabilitation and
who have insufficient strength or balance. Furthermore, the inclusion of tasks such as
standing up and sitting down induces changes in the position of the CoM that challenge
dynamic balance [138]. A TUG time lesser than 10s indicates normal mobility and a
time between 10 and 20s is between the normal limits for most independent elderly and
disabled patients. A TUG time between 20 and 29s indicates that the patient exhibits
a variable mobility and requires assistance, and finally, a time greater than 30s is an
indication of impaired mobility, and shows that the patient is prone to fall [95, 119].
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Timed 10 meter walk test
The timed 10m walk test is a performance measure used to assess the walking speed of
patients. The subjects are instructed to walk without assistance along a 10m walkway.
The walking course should be marked at 0, 2, 12 and 14m, and the time is measured
between the moment the patient’s toes of the leading foot passes the 2m line and until
the moment the toes of the leading foot passes the 12m line. This set-up (see Fig. 3.1)
provides an acceleration and a deceleration zones that allow the patient to reach his
or her preferred walking speed in the 10m walk section. The walking speed is then
calculated as the distance covered (10m) divided by the time (in seconds) that the
patient takes to walk the 10m distance [34].
START FINISH
Acceleration
zone
10m walk section Deceleration
zone
0m 2m 12m 14m
Figure 3.1: Outline of the 10 meter walk test.
3.2.2 The ReHabX score
The present work is part of a larger project, named ReHabX (project nr: 005-1111-
{0054...0057}), which was co-financed by the EU funds for the regional development
and the Ministry of Innovation Science and Research of North Rhine-Westphalia in
the framework of Ziel2.NRW “Regional competitiveness and employment”. The project
lasted from July 2012 to March 2015 and was the result of a partnership between:
• the Institut für Technologien der Biomechanik und Biomaterialien GmbH (ITBB
GmbH);
• the Chair of Mechanics and Robotics of the Duisburg-Essen University;
• the Heinrich Heine University of Düsseldorf; and
• the Clinic MediClin Fachklinik Rhein-Ruhr.
The main objective of the ReHabX project was to develop a tool for the support of
the physicians and therapists during the different stages of patients’ rehabilitation,
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including suggestions for the appropriate rehabilitation methods (e.g. medication, or-
thoses, or exercises), and a quantitative evaluation of the patients in each stage of the
rehabilitation process. This tool should allow an objective evaluation using MoCap
technology and support the creation of a personalized therapy. As a result, the indi-
vidualized rehabilitation measures might help to prevent falls and reduce the duration
of therapy, because the exercise training, and consequently, the regeneration, can start
faster. Additionally, acquired motion data can be used for the development of new,
combined therapy methods [88, 133].
Traditional internationally recognized scores (which are described in detail in Sec-
tion 3.2.1) are widely used but they only provide an aggregated result, in the sense
that two subjects can have identical scores but very different deficits [53]. Therefore,
they fail to assess the functional mobility, or to assist clinicians in their choice of a
suitable rehabilitation method. Thus a consistent scoring method that quantifies the
functional impairment and evaluates the result of the rehabilitation of stroke patients
is a very desirable tool. In this context, a new clinical assessment of motor disability of
stroke patients has been developed in the framework of the ReHabX project [53, 91].
Hereby, the ReHabX score consists of 7 subscores:
1. Trunk movement
2. Leg movement (affected side)
3. Arm movement (affected side)
4. Gait speed
5. Gait fluency
6. Stability/risk of falling
7. ReHabX total score
The first 6 subscores evaluate gait motion criteria that are rated from 0 (no abnormal-
ity) to 3 (most severely affected). The 7th subscore is obtained as the sum of the six
previous subscores and gives a quick overview of the patient’s degree of disability on a
scale from 0 to 18. The definition sheet of the ReHabX score instructions can be found
in Appendix C.
The ReHabX score proved to be consistent and reliable by showing an excellent in-
traclass correlation (ICC varying between 0.67 and 0.93 for the respective subscores,
n = 61), even though there is, for some patients, poor agreement among the raters
[91]. To remove human subjectivity and reach full objectivity and reproducibility of
the results, a numerical approach was developed based on measured motion parameters
which is the main aim of this thesis.
Chapter 4
Numerical Reproduction of the
ReHabX Score
If you torture the data long enough, it will confess to anything.
Ronald Coase
1910 – 2013
Evaluating “trunk movement” and the other features covered by the ReHabX score is a
complex task that can only be accomplished by experienced medical professionals. As
mentioned in Section 1.2, one of the main goals of this dissertation is to reproduce this
evaluation numerically. The methodologies used to do so are described in the present
chapter. In this context, a series of block diagrams is presented, and the measuring
procedure is described, including the equipment used to take the measurements, the
inclusion criteria for the test subjects, and an overview of the database. Furthermore,
the features extracted from the measurements are listed and described, and the nu-
merical methods and their assumptions are explained. Finally, the methods used for
testing the goodness of fit and selecting the best regression model for each subscore are
defined.
4.1 Overview of the main numerical scoring blocks
In the present subsection, a first overview of the major tasks performed for the compu-
tation and validation of the numerical models is given while the details are explained
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in the next sections. These are the three major tasks:
1. Measurements and preparation of the data (see Fig. 4.1)
2. Feature extraction (see Fig. 4.2)
3. Computation and validation of the models
Step 1: Measurements and preparation of the data
The numerical scoring process (see Fig. 4.1) starts with measuring the gait of stroke
patients in the gait laboratory (see Section 4.3) and processing the results. The process-
ing of the measurements was performed on NexusTM 1.8.5 (Vicon, UK). This process
is time-consuming and includes steps such as labeling of markers, trimming the trial,
gap filling, filtering the markers’ trajectories, computing the model kinematics, and
exporting the trial into a C3D file.
As a next step, the measurements are verified by inspection of the videos and removing
invalid trials containing, e.g. improper positioning of the markers, unwanted motion
such as stopping, tripping, patient scratching his head, etc. Parallely, the videos are
sent to the medical team to evaluate the patients using the ReHabX score (see Sec-
Measurements of stroke patients in the gait lab
Processing
Verification/Exclusion criteria screening
Raw C3D files
Processed C3D files
videos
Evaluation of the
patients by the
medical team
Selection of files with enough events
Trials with enough events Medical
ReHabX score
Most
affected side
ntrials = 364
npatients = 60
ntrials = 354
npatients = 60
Figure 4.1: Block diagram representing the stages of the preparation of the data.
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tion 3.2.2), and opine on the MA (hemiparetic) side of the body. The rating team
consists of 5 medical experts: 3 neurologists and 2 physiotherapists.
Each trial must contain at least two gait cycles (GC), one each for left and right side,
since only trials with gait cycles on both sides can ensure the complete representation
of the subjects’ gait pattern. This could easily be filtered by a routine that selects the
trials with a minimum of 2 heel strikes on each side.
After these measurements and data-cleaning procedure, a list of suitable trials is com-
piled, which is then used for the feature extraction in the next step.
Step 2: Feature extraction
The feature extraction (see Fig. 4.2) consists in loading the trials (C3D files), and
extracting a vector of 168 features (10 patient data parameters and 158 spatio-temporal
and kinematic features — see Appendix D) from each measurement (see Section 4.5
for a detailed description of the features).
After the extraction of the features, an intermediate step for quality control is added
to detect possible measurements errors (e.g. mislabeling of markers). Thus, the feature
matrix was screened for outliers, using the z-scores. In this step, patients with features
that deviate more than 5 standard deviations from the mean are detected and checked.
Trials with inconsistencies were removed. This avoids the contamination of the input
data used in the numerical models, and in this step, the number of trials dropped from
354 to 316.
For each subject, a vector containing the mean values of 4 trials is computed. As each
trial contains a minimum of two gait cycles, this vector represents 8 gait cycles. The
literature states that although gait variability requires a higher number of gait cycles
(minimum 50 GCs) [87], mean parameters can be assessed with fewer steps (e.g. 10 GCs
[87]). Although the use of solely 3 trials (i.e. 6 GCs) is common practice [61, 159, 160],
4 trials is considered adequate [48]. In this step, patient ES084 was removed because
it only had 2 valid trials.
The features were then sorted by MA (hemiparetic) and LA (contralateral) side. The
MA side was obtained from the medical database. For those who had an undefined MA
side in the eCRF, the MA side was defined as the mode of the opinion of the 5 medical
experts while visualizing the videos. This approach is fully described in Section 4.6.
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for each subject in the data sample
Feature extraction
Computation of the
averages of 4 trials
Sorting of the features by
most/least affected side
Matrix of sorted features
Medical diagnosis (eCRF)
Visualization of the videos
Quality control
n = 354 trials
n = 316 trials
n = 59 average feature vectors
n = 59 average feature vectors
Figure 4.2: Block diagram representing the stages of the feature extraction.
Step 3: Computation and validation of the models
The third step of the process is the computation of the models, which is illustrated
in Fig. 4.3. Once the features are extracted and sorted, the average medical ReHabX
subscores for each patient are calculated, and a model designed to fit each average
subscore is computed using a stepwise multilinear regression (see Section 4.7). The
numerical model yˆ for each ReHabX subscore i is given by a weighted sum. Eq. 4.1
shows the explicit expanded expression, while Eq. 4.2 represents the vectorial form.
yˆi = β0 + β1x1,i + ...+ βnxn,i (4.1)
or
yˆi = β0 + β
T.xi
β = [β1, ... , βn]
T ; xi = [x1,i , x2,i, ... , xn,i]
(4.2)
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where,
• yˆi represents numerical score y of patient i,
• β0 is the constant term (i.e. the intersept),
• β is a vector containing the coefficients of the model,
• x is the feature vector of patient i, and
• n represents the number of features in the model.
Before computing the models, a preliminary analysis is necessary to verify the relia-
bility of the medical ratings. Then the target signals (i.e. average medical scores) are
computed and tested for normal distribution, since only normally distributed variables
can be used in stepwise regression (see Section 4.7.1) [123, 184]. If the variable hap-
pened not to be normally distributed, the target signal would have to be transformed
(e.g. f−1, log(f),
√
f , ...). Only then can the stepwise regression be performed. In this
step, over 1 million models are computed for each subscore.
Each model obtained is represented by a numerical expression (see Eq. 4.1 and Eq. 4.2)
and includes the measures of the goodness of fit (R2, R2adj, and RMSE — see Sec-
tion 4.7.3), and the information criteria (AIC, AICc, and BIC — see Section 4.7.4).
Information criteria give information about the accuracy of the model while favoring
simplicity over accuracy, thus penalizing over-fitting. They are used in the selection
of the best model, which is checked for rationality (quality control in Fig. 4.3). In
this context, the normal distribution, linearity and homoscedasticity of the residuals
are evaluated, and the plausibility of the features for each subscore are discussed with
clinicians. Models that did not pass this test are selected for rectification, and a new
model is selected based on the information criteria. This selection process is repeated
until linear models for all subscores are defined.
The models are visually compared to the individual medical scores through the bubble
plots, which are described in Section 5.2.5. The bubble plots allow the comparison of
the numerical scores not only with the average medical score but also the individual
scoring of each rater, serving as the final human validation of the models. Finally, the
final model for each subscore is selected.
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Figure 4.3: Block diagram representing the computation of the models, including the
regression, model selection and validation. The index i refers to the patient i.
4.2 Gait laboratory equipment
The gait laboratory used to measure the gait of the test subjects was existing at the
start of this thesis and is a room located at the clinic MediClin Fachklinik Rhein-
Ruhr, in Essen. It comprises a 7.30m long walkway and features a MoCap system
with 7 Vicon MX13TM cameras (Vicon Motion Systems Ltd, UK), 2 force plates AMTI
OR6-7-2000TM (AMTI, USA), and 2 high-speed recording cameras Basler A602FCTM
(Basler AG, Germany). The maximum acquisition frequency for each one of the devices
is shown in Tab. 4.1. The cameras are placed according to the plan shown in Fig. 4.4
and, according to this configuration, a capturing volume of approximately 5, 5m ×
1, 5m× 2.0m (ca. 16.5m2) is achieved.
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The recording cameras are placed in positions where they can record the gait of the
patients in the sagittal and frontal planes (see Fig. 4.4).
Finally, it is pertinent to mention that the gait lab does not have any windows. Al-
though this might not seem of any relevance, the absence of natural light (and the
natural near-IR radiation) reduces the detection of non-existent markers (commonly
called “ghost markers”) which facilitates the processing and increases the precision of
the measurements.
Direction of
progression
MX Control
MX Net
FP1 FP2
Ca1
Ca2
Ca3
Ca4
Ca5
Ca6
Ca7
DV1
DV2
Walkway (7.30m)
Computer
with
Vicon NexusTM
Capturing volume
(5.5m× 1.5m× 2.0m)
Legend:
Vicon MX13TM cameras
AMTI OR6-7-2000TM force plates
Basler A602FCTM high-speed
recording cameras
Figure 4.4: Schematic representation of the gait laboratory facilities, including the
position of all the hardware.
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Table 4.1: List of the equipment featured in the gait laboratory and maximum acqui-
sition frequency.
Equipment nr. Max. frame rate
Vicon MX13TM cameras (UK) 7 482Hz*
AMTI OR6-7-2000TM force plates (USA) 2 1000Hz
Basler A602FCTM recording cameras (Germany) 2 100Hz
*The acquisition frequency in the present study was 100Hz.
4.3 Measuring procedure & marker placement pro-
tocol
When the subjects enter the gait lab, they are asked to go into the changing room
to remove their clothes, and return in their underwear. A series of anthropometric
measurements is made (body height, body mass, limbs length, joints width, etc.) and
a set of 41 reflective markers (⊘ = 15mm) is placed at palpable anatomical body
landmarks. The markers are placed according to the marker placement protocol shown
in Fig. 4.5. This protocol is based on the standard full-body plug-in-gait marker
placement protocol (Vicon Motion Systems Ltd, UK) widely used in gait laboratories,
with two extra markers added at the tip of each halux (i.e. on the big toe nails). For all
the test subjects, the markers were always placed by the same gait technician, which
avoids inter-persons position variability.
Then, a series of gait measurements is made. In each trial, the test subjects start from
an extremity of the walkway and cover the distance to the other extremity walking at
their usual self-selected pace (i.e. comfortable walking speed). Only the trials with a
minimum of 6 gait events in the capturing volume were kept.
4.4 File selection
In the present section, the initial screening of the test subjects is introduced. Both the
inclusion and exclusion criteria are defined, and a general overview of the number of
subjects included in the study is presented.
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Figure 4.5: Marker placement protocol.
4.4.1 Inclusion criteria
The definition of inclusion criteria is an important step of any statistical study. Listing
the preconditions the subjects must meet increases the reliability of the data, and
allows the reproducibility of the results.
Hence, a series of requirements had to be fulfilled for the test subjects to be found
eligible and included in the current study. These criteria, which are listed in
Tab. 4.2a, also define the eligibility of the healthy test subjects, except for item #1
and #2, which refers to the symptoms of the stroke.
After measuring the gait of the test subjects and in order to maintain the database
clean of contamination, a list of criteria for the inclusion in the numerical analysis was
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defined, as can be seen in Tab. 4.2b. This list has been used to reject test subjects
from the numerical analysis in order to create a more homogeneous data set.
The misplacement of the markers (see item #4 in Tab. 4.2) may be due to two types
of errors:
• a casual misplacement of a marker by the gait lab technician, or
• a deliberate misplacement due to the condition of the patient (e.g. a spastic arm
obstructs one of the pelvis markers, so the pelvis marker was displaced).
In both cases, the test subjects were excluded from the numerical analysis, but they
were kept in the database because they can be used in subsequent studies (e.g. vizual-
ization of the videos, analysis of lower/upper body, etc.).
Table 4.2: List of inclusion criteria for (a) the participation in the study, and (b) the
numerical analysis.
(a) Inclusion criteria for the participation in the study
1. Patients must be clinically diagnosed with an ischemic stroke, that causes
measurable neurological deficits.
2. Patients should have no musculoskeletal impairment prior to the stroke, as this
might be a latent cause of gait disorders after stroke.
3. Patients should be able to walk a minimum distance of 30m without external
assistance. Due to the extreme kinetic distortions caused by walkers, patients
who need them are excluded while patients who use a cane may participate.
4. All participants must be over 18 years of age.
5. Participants should not be part of another study, or shouldn’t have been in
another study within the four weeks preceding the measurement.
6. Finally, all participants must have access to the rehabilitation clinic MediClin
Fachklinik Rhein-Ruhr, located in Essen, Germany, where the gait laboratory
is located.
(b) Inclusion criteria for the numerical analysis
1. Subjects must be stroke patients, and have been evaluated by the medical team
using the ReHabX scale.
2. Only the first gait measurement is used. Follow-up measurements are excluded.
3. The number of valid trials (with a minimum of 2 full GC) must be greater of
equal to 4 (n ≥ 4).
4. Trials with misplaced markers are dismissed.
5. The medical diagnosis must be available (i.e. eCRF).
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4.4.2 Overview of the data sample
During the ReHabX project (see Section 3.2.2), the gait of 227 stroke patients and
46 healthy test subjects was measured. All subjects met the inclusion criteria (see
Tab. 4.2a) and, the sample was then screened for the selection of the patients meet-
ing the inclusion criteria for measured data (see Tab. 4.2b), leaving 60 patients with
corresponding 364 trials (see Tab. 4.3).
After processing the data in NexusTM 1.8.5 (Vicon Motion Systems Ltd, UK), only
the measurements with a minimum of one full GC on each side, inside the measuring
volume (see Section 4.2) were kept. The procedure employed to select only the trials
with enough GC was explained in Section 4.1.
Table 4.3: Overview of the generation of the employed measurement database.
Total number of subjects Stroke: 227
Healthy: 46
First measurement and rated by the medical team 60
Sufficient number of trials (n ≥ 4) 59
Patients included in the feature extraction 59
Patients included in the numerical analysis
Measurement condition:
- barefoot 22
- wearing shoe 19
- wearing an orthosis∗ (but no cane) 7
- using a cane (may also be wearing an orthosis) 11
∗Passive or active ankle-foot orthoses (AFO or AAFO).
4.5 Description of the features
Each gait measurement allows the extraction of a vector of 168 (redundant) parameters
(10 measurement information and 158 gait features — see full list in Appendix D) that
was regarded in this context to reproduce the ReHabX score. Future extensions might
add additional features, such as dynamic or EMG signals, but for the present study the
chosen parameters yielded good correlations and were regarded to be sufficient. This
extensive list of features was based on:
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1. Traditional GA parameters
2. Parameters from existing bibliography
3. Comments and suggestions from the medical team
4. The author’s understanding of the ReHabX score
5. Modifications of previous features
According to their nature, the gait features can be grouped in 5 categories, as shown
in Tab. 4.4 which also includes the number of features in each category. Patient data
refers to the patient’s anthropometric data and measurement information. Although
this category does not contain gait features, it is extracted from the C3D files obtained
in the gait lab (see Fig. 4.2), and this information is used to validate and normalize
some of the features. The standard features correspond to the traditional features of
instrumented GA. The third group includes the discretized joint angles. ReHabX
features refer to the features developed by the author during the duration of the
project. Finally, the interlimb coordination includes features intended to represent
the role of arm swing and the synchronization between the motion of the upper and
lower limbs. A list description of all the features is presented in Appendix D.
Table 4.4: Extracted features: categories, description, number (within brackets), and
representative examples.
Patient
data
Standard
features
Joint
angles
ReHabX
features∗
Interlimb
coord.
Patient an-
thropometric
data and
measurement
information
(10)
Traditional pa-
rameters of in-
strumented GA
[183] (31)
Flexion-
extension
angles of the
joints of the
upper (20) and
lower limbs
(34)
Features based
on the AL-plot
[134] (60), and
progression of
the markers (7)
Interlimb coor-
dination [152]
(6)
Gender, height,
body mass,
age, stroke
side, etc.
Gait speed,
step length,
GC phases
[129], limp
index, etc.
Maximal knee
flexion, range
of motion of
the shoulder
joint, etc.
Centroid and
amplitude of
the AL-plot,
smoothness
measures of
the markers’
trajectory, etc.
Cross-
correlation
between leg
and arm move-
ment, etc.
∗These features are named after the ReHabX project, since they were developed in its context.
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4.5.1 Patient data
Patient data refers to all the relevant information about the patient’s anthropometry
and the measurement itself. It includes the patient’s age, height, body mass, stroke
side as well as information that allows a quick identification and characterization of the
measurement (see Tab. 4.5), both in the videos (e.g. gender and age) or in the medical
database (e.g. birth year).
Stroke side and MA side are both on this list because the stroke side extracted from
the C3D file is not binomial, which is why the MA side was computed based on the
duration of swing (see Section 4.6).
Table 4.5: Patient data features (n = 10).
Name Units Description
Subject ID - Subject ID
Session - Condition of the measurement (barefoot, shoe, or-
thosis, cane, etc.)
Gender - Female (0) / male (1)
Stroke side (C3D) - No stroke (0) / left (1) / right (2) / middle (3) /
multi (4)
MA side (computed) - Computed as defined in Section 4.6 (left or right)
Age at the time of the
measurement
- Age of the subject
Body mass kg Body mass of the subject
Height m Height of the subject
Average leg length m Arithmetic mean of the length of the subject’s legs
Direction of progres-
sion in the gait lab∗
- Forward direction (1) / Backward direction (-1)
∗ Used only for verification purposes
4.5.2 Standard features
The standard features are the traditional features of instrumented GA, also called
spatiotemporal parameters [86], and are often the result of sophisticated computer-
ized measurements. The features included in this group are well-documented in the
literature. They are listed in Tab. 4.6 and described below.
The main events, foot strike and foot off, divide the gait cycle in two phases: stance
and swing. The stance phase, also called “support phase” or “contact phase” lasts
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Table 4.6: List and description of the standard features (n = 31).
Name Units Description Nr.
Cycle time s Duration of the GC (from foot strike to foot
strike)
2
Stance phase du-
ration
% Duration of the stance phase in % of GC 2
Swing phase du-
ration
% Duration of the swing phase in % of GC 2
Loading re-
sponse
s and % Duration of the loading response (double
support phase) in both absolute (s) and nor-
malized (%) time
4
Pre-swing s and % Duration of the pre-swing (double support
phase) in both absolute (s) and normalized
(%) time
4
Single support s and % Duration of the single support phase (oppo-
site FO to opposite FS) in both absolute (s)
and normalized (%) time
4
Double support s and % Duration of the double support phase (load-
ing response + pre-swing) in both absolute
(s) and normalized (%) time
4
Stride length - Stride length (see Fig. 4.6) normalized for
subject’s leg length
2
Step length - Step length (see Fig. 4.6) normalized for sub-
ject’s leg length
2
Step width m Step width (see Fig. 4.6) 2
Gait speed s−1 Gait speed computed using the linear regres-
sion of the average of the ankle progression in
the direction of progression (p(t) = p0 + v¯t),
and normalized for subject’s leg length
1
Limp index - Reference leg stance phase/opposite leg
stance phase
2
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from foot strike to foot off (ca. 60% of the GC), while the swing phase (ca. 40% of the
GC) is the time between foot off and the next foot strike (see Fig. 2.4) [129, 183]. In
this context, foot strike and foot off were detected in the gait lab measurements, and
the duration of the single and double support phases was computed and added to the
list of standard features (see Tab. 4.6). In this context, step length is defined as the
distance from the heel of the trailing limb to the heel of the leading one, and stride
length is the distance between two consecutive placements of the same foot, i.e. two
step lengths (see Fig. 4.6) [86, 183].
The height of the subjects measured during this study varies between 1.52m and 1.96m
and, as it is known that subjects with different body measures have a different range of
motion, normalization of gait metrics is necessary [9]. In this context, step and stride
length were divided by patient’s average leg length.
Left stride length
Left step length
Direction of
progression
Right step length
Right stride length
Right
step width
Left
step width
Toe out angle
Figure 4.6: Terms used to describe foot placement on the ground: step and stride
lengths, step width, and toe out angle (based on [135]).
Step width, also known in the literature as walking base or base of support, is the
distance between the trajectories of the two feet [183]. It is usually measured as illus-
trated in Fig. 4.6 [135]. By simplifying Fig. 4.6 into Fig. 4.7, calculating step width
becomes a simple geometrical problem, where,
• A represents the position of the left heel marker (LHEE) at left FS1,
• B represents the position of the left heel marker (LHEE) at left FS2,
• C represents the position of the right heel marker (RHEE) at right FS,
• P is the point belonging to [AB] such as [AP ] ⊥ [PC],
• a is the direction vector of [AB], and
• c is the direction vector from [CP ].
The position of P is given by Eq. 4.3 and Eq. 4.4, since it belongs to both [AB] and
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A
B
C
Pa
c
Figure 4.7: Simplification scheme used for the calculation of step width.
[PC]. Eq. 4.3 or Eq. 4.4 can be set aside, and solved for terms r (or t) as shown in
Eq. 4.5. Finally, r can be replaced in Eq. 4.3 to obtain the coordinates of P . Given the
position of P , left step width and step length (see Fig. 4.6) can be easily calculated as
the distances PC and PB, respectively.
P = A+ r · a (4.3)
P = C + t · c (4.4)
A+ r · a = C + t · c⇔ r = a
T(C − A)
‖a‖2 (4.5)
The same procedure is used to compute the features of the opposite side.
Walking speed (or simply gait speed) is the distance covered by the subject in a given
time. Speed and velocity must not be used interchangeably since velocity is, by defini-
tion, a vector and includes the direction of walking. Gait speed is traditionally based
on stride length and cycle time
Gait speed (m/s) =
Stride length (m)
Cycle time (s)
(4.6)
but this corresponds to the instantaneous speed of a single GC.
In order to use both the right and left GC, and consequently increase the precision of
the results, it is expanded as the average of the two sides:
Gait speed (m/s) =
1
2
i=left:right∑
i
Stride lengthi(m)
Gait cyclei(s)
(4.7)
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Another method for computing gait speed was developed which includes the progression
of the subject during the whole measurement. It is obtained by computing the linear
regression of the average progression of the ankle markers (see Fig. 4.8) where the
average speed of the whole trial is given by v¯
p(t) = p0 + v¯ · t (4.8)
and,
• p(t) represents the position (m) along the walkway at a given time t, and
• p0 is the position at t = 0s
both in the direction of progression.
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Figure 4.8: Progression of the ankle markers along the y−axis of the gait lab coordinate
system.
Similarly to step and stride length, both gait speed in Eq. 4.7 and Eq. 4.8 were nor-
malized by subject’s height and average leg length. However, only gait speed given by
Eq. 4.8 and normalized by leg length was selected for the computation of the models.
This is due to the fact that this method encompasses the average velocity of the whole
measurement (similarly to the medical visual assessment) while Eq. 4.7 merely offers
the average of two GC, which encompasses double support twice (see Fig. 2.5).
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Finally, the “limp index” is a measurement of the symmetry of the gait developed by
Motion Systems Ltd, UK. It is calculated as the ratio between the stance phase of a
leg and the stance phase of the opposite leg (in normalized percentages) (see Eq. 3.6).
When the gait is perfectly symmetric, the “limp index” is equal to 1, but if the patient
needs more support on one side, the “limp index” deviates from the unit.
4.5.3 Joint angles
Gait kinematics is the description of the gait in terms of angles, positions (or displace-
ments), velocities, and accelerations of body segments and joints [86]. Normal gait
kinematics is a well documented matter and an experienced gait analyst is able to read
and interpret joint angles plots, as well as to identify abnormalities in the motion of the
joints. This angles curves are normalized by GC (i.e. the duration of the GC is scaled
from 0-100%) and are shifted so both curves (left and right) start at the same instant.
As an example, a knee flexion plot would represent the right knee during the right
GC and the left knee during the left GC. Hence, joints angles are valuable measures
for assessing gait motion. Most of the times, the analysis is two-dimensional in the
sagittal plane because the larger range of motion occurs in this plane during the gait
cycle [155]. This limits the study to the flexion-extension of solely 5 angles: hip, knee,
and ankle for the legs, and shoulder and elbow for the arms (see Fig. 4.9). The wrist
angles are not considered as they do not play a significant role in the gait pattern.
In order to include the information contained in the angle plots in the list of features,
the angle plots had to be discretized. This includes extrema of the plots, i.e. maximum,
minimum, as well as the instant when they occur during the gait cycle. The range of
motion of each joint is given as the difference between the maximum and the minimum
of the plot. In the case of the knee joint, the local maximum during single support
phase (see “loading response” in Section 2.1.2) is also computed (see Fig. 4.10). The
full list of the discretized joint angles features is shown in Tab. 4.7.
4.5.4 ReHabX features
The ReHabX features include the main characteristics of motion assessment developed
during the project. They can be divided in two sub-groups: AL-plot features and
features based on the progression of the markers.
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Figure 4.9: Representative example of the flexion-extension angles of the lower and
upper limbs in a healthy subject (EP002PW1989). In each plot, the continuous green
lines represent the right side of the body and the left are traced with a red dotted line.
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Figure 4.10: Discretization of the knee flexion-extension with identification of the (1)
maximum, (2) minimum, corresponding abscissa, (3) range of motion, and (4) maxi-
mum during single support phase.
64 Chapter 4. Numerical Reproduction of the ReHabX Score
Table 4.7: Discretized joint angle features (n = 54)∗.
Name Description Units Nr.
Flexion-
extension
angles:
Angle evolution during a full GC.
- Shoulder - Minimum/maximum angle reached,
and instant of occurrence (normalized
GC 0-100%), and
o / % 20- Elbow
- Hip
- Knee
- Range of motion of the joints. o 5
- Ankle
Knee flexion Maximum knee flexion during single
support phase (see Fig. 4.10):
- Time (normalized GC 0-100%), and % 1
- Value. o 1
∗All the angles were computed twice, i.e. right joints angles during a right GC and
left joint angles during the left GC, totalizing 27*2=54 features.
AL-plot features
In order to characterize the upper body motion during the GC, the vector that connects
the sacrum marker SACR1 to the marker C7 (7th cervical vertebrae) was computed,
as shown in Fig. 4.11a. This vector was created to represent the movement of the
upper body relatively to the pelvis, and, when projected into a horizontal plane, it
can be used to observe the anteroposterior and the lateral swaying of the upper body.
When the anteroposterior movement is plotted against the lateral movement, a curve
representing the movement of the trunk on a transverse plane P2 (see Fig. 4.11b) is
obtained. This plot was developed by Prof. Harald Hefter [71, 72] and is termed the
anteroposterior-lateral plot, or simply AL-plot, in the context of this dissertation.
This plot is a valuable measure of body posture since it represents the movement of the
trunk which is usually not the focus of research. The first approach for the analysis of
the AL-plots assumed that the plots had a centered “butterfly” shape (or lemniscate)
in healthy persons (or patients using a support device), while for the case of stroke
patients, the plot resembles an “egg” shape located on the impaired side (see Fig. 4.11b)
[71, 83, 134]. However, after testing several stroke patients and healthy test subjects,
1The SACR marker is given as the middle point between the hip markers LPSI (Left Posterior
Superior Iliac spine) and RPSI (Right Posterior Superior Iliac spine) — see Fig. 4.11a.
2The plane is parallel to the ground and the Y-axis represents the direction of progression. It is
computed by performing a linear regression on the horizontal trajectory of the SACR marker during
the whole trial.
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Figure 4.11: AL-plot: (a) computation and (b) example of healthy test subject EP001-
DR1980 and stroke patient ES025ED1964 severely impaired on the left side.
this hypothesis was dismissed, although the amplitude and range of motion seemed to
be indicators of posture abnormality. Thus, features based on parameters other than
the plot shape were developed, as shown in Tab. 4.8 and illustrated in Fig. 4.12. The
length of the curve is self-explanatory but the features based on the distance between
consecutive points need further clarification. The ellipse that surrounds the plot is
the covariance error ellipse that represents the isocontour of the Gaussian distribution.
It is based on the calculation of the eigenvectors of the covariance matrix that are
then use to scale a circle of radius 1. The ellipse is set to cover 2 standard deviations
and therefore covers 95% of the data (assuming that the lateral and anteroposterior
movements are normally distributed variables).
The distance between consecutive points was computed based on the idea that during a
smooth gait, points obtained at a constant acquisition frequency should be equidistant,
or at least not have a large variability. Fig. 4.13 shows a representative example of a
healthy test subject. The length of the AL-plot is 10cm and the average distance is
therefore 0.1cm for each GC percentage. With the purpose of measuring the “fluency”
of the plot, features such as the cumulative deviation, the ratio between the extrema
(see Eq. 4.9), the standard deviation, and smoothness measures [77] based on the
accelerations and jerks were computed. Moreover, the distance ratio was computed as
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Table 4.8: AL-plot features∗ (n = 2× 30).
Name Units Description Nr.
Centroid coordi-
nates
Coordinates of the line centroid, computed as the av-
erage of the abscissas and ordinates of all the AL-plot
points.- Abscissa cm 1
- Ordinate cm 1
Extrema of the
plot
Maximum and minimum swaying of the C7 computed
as the extrema of the AL-plot.
- Lateral cm 2
- Anteroposterior cm 2
Range of motion Amplitude of the AL-plot in both x- and y-directions,
representing the lateral and anteroposterior range of
motion of the upper body.
- Lateral cm 1
- Anteroposterior cm 1
Length of the AL-
plot
m Length of the curve of the AL-plot. 1
Surrounding
ellipse
Ellipse surrounding the AL-plot (see Fig. 4.12):
- Length of the
eigenvectors
cm -
∥∥∥Eigen
min
∥∥∥ and ∥∥∥Eigen
max
∥∥∥ 2
- Area cm2 - Area inside the ellipse surrounding the AL-plot 1
- Inclination α o
- Angle between the main axis of the ellipse, i.e.
maximal eigenvector and the semi-axis Ox (α ∈
[−90◦,+90◦])
1
- Absolute incli-
nation |α|
o - Absolute inclination of α (|α| ∈ [0◦,+90◦]) 1
- Weighted incli-
nation α′
o - α′ =
(
1− ‖Eigenmin‖‖Eigen
max
‖
)
∗ |α| 1
Distance between
consecutive points
Distance between consecutive points of the AL-plot
(see Fig. 4.13):
- Total deviation cm - Cumulative deviation 1
- Extrema ratio - - Ratio between the extrema (see Eq. 4.9) 1
- Standard devia-
tion σ
cm - Standard deviation (σ)
1
- Acceleration and
jerk deviation
-
- Cumulative deviation of the acceleration and jerk
(cm.s−2 and cm.s−3)
2
- Smoothness
measures
-
- Smoothness measures according to Hogan and Ster-
nad [77] (measures based on accelerations and jerks)
2
Angular AL-
plot∗∗:
AL-plot converted to angular variables (see Fig. 4.16):
- Extrema o
- Minimum and maximum in both lateral and antero-
posterior directions
4
- Amplitude o
- Range of motion of the upper trunk (anteroposterior
and lateral)
2
- Average o - Average bending (anteroposterior and lateral) 2
∗ Since each measurement contains two full GC, the features were extracted for each one of the
gait cycles (i.e. MA and LA sides).
∗∗ These features are computed for the anteroposterior and the lateral bending of the upper body.
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Figure 4.12: AL-plot (blue continuous line) of the trial EP001DR1980-3-3Gang01 (left
GC), surrounding ellipse (dotted red line), and identification of the features: centroid
coordinates (black cross), global extrema and amplitude ∆ of the motion in the lateral
and anteroposterior directions, area (orange) and inclination angle of the surrounding
ellipse (grey).
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Figure 4.13: Distance between consecutive points along the AL-plot (blue line) and
average distance (red dotted line given as y = d¯ = 0.1cm) of the trial EP001DR1980-
3-3Gang01.
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Distance ratio =
mindeviation
maxdeviation
(4.9)
The normalization of the AL-plots was performed because patients with different
heights evidently have a different range of movement. For that reason, a cone pro-
jection method was applied by using a central projection with center at SACR, into
a horizontal plane at a normalized height h above the SACR plane (see Fig. 4.14a).
In the present study, the value of h was chosen to be only slightly larger than the
largest subject’s trunk, i.e. h = 60cm. Fig. 4.14b shows how 4 points of the AL-plot
are projected into the normalized plane P’. This method generates plots that are larger
than the original raw AL-plot, and the relevance of some features might increase by
this “zooming”.
Fig. 4.15 shows the raw (continuous blue line) and the normalized AL-plots using a
cone projection (red dash line). From the comparison of the plots in Fig. 4.15, it is
easily understandable how the analysis of different plots will affect the value of the
features described in Section 4.5.4.
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Figure 4.14: AL-plot normalization: (a) Graphical representation of the cone projection
into a plane located at a normalized distance h = 60cm and (b) 3D-representation of
the projection of 4 points of the raw 3D AL-plot (blue) into a normalized plane (green).
The red line represents the projection of the raw (3D) AL-plot into a horizontal plane.
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Figure 4.15: AL-plots: (a) Raw — continuous blue line, and (b) normalized using a
cone projection — red dash line (see Fig. 4.14).
Finally, the AL-plot can be converted to angular variables using the tangent function
and the coordinates of the vector (see Fig. 4.16). This allows the computation of a
new kind of the minimum, maximum, amplitude, and average which can be perceived
as the angular swaying of the trunk in both frontal (lateral movement — Fig. 4.16a)
and sagittal (anteroposterior — Fig. 4.16b) planes.
For each measurement, the AL-plots were computed twice (for both MA and LA GC),
resulting in a total of 60 features (see Tab. 4.8).
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Figure 4.16: Representation of the angular features of the AL-plot: (a) lateral swaying
(green angle), and (b) anteroposterior swaying (red angle) of C7.
Progression of the markers
Plotting the trajectory of the pelvis origin (PELO) virtual marker in the direction
of progression (see Fig. 4.17) against time was used to evaluate the flow of the gait
(see Fig. 4.18). As shown in Fig. 4.18a, the curve corresponding to a healthy patient
progresses forward (up) without significant fluctuations contrary to the observation of
a patient with a severely impaired hemiplegic gait (see Fig. 4.18b). A linear regression
was performed and the RMSE was obtained, which can be interpreted as an estimator
of the linearity of the function. Another feature is the maximum deviation between
the function and the linear regression.
Figure 4.17: Graphical representation of the trajectory of the pelvis marker (PELO).
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Figure 4.18: Progression of the PELO marker along the y−axis of the gait lab co-
ordinate system (i.e. in the direction of progression) for (a) a healthy test subject
EP001DR1980, and (b) a severely impaired stroke patient ES057JS1987. The progres-
sion of the PELO is represented with a blue continuous line, the linear regression with
a red dotted line, and the residual error with a black line.
When plotting the forward progression in the sagittal plane of the ankle joint centers
(RTIO— right tibia origin, and LTIO— left tibia origin) in the direction of progression
(green and red dotted lines in Fig. 4.19), two complementary “stair curves” are crea-
ted. Each “step” corresponds to a step as the ankle moves forward during the swing
phase, and the horizontal levels occur during stance when the foot remains in the same
position. In the case of a healthy subject (see Fig. 4.19a), the two lines are symmetric
and create a “helix” around each other and the area between the two curves is regular.
However, in the case of a severely impaired patient (see Fig. 4.19b), there is a significant
difference between the even and odd areas. Therefore, the areas formed by the two
curves are computed, and the average of the even and odd areas of the complete trial
is calculated for each measurement. Then, the absolute amplitude between the two
areas (see Eq. 4.10), as well as two parameters that represent a normalized amplitude
(see Eq. 4.11 and Eq. 4.12) were computed as:
Area amplitude = |areaeven − areaodd| (4.10)
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Figure 4.19: Progression of the ankle markers along the y axis of the gait lab coordinate
system (i.e. in the direction of progression) (a) a healthy test subject EP001DR1980,
and (b) a severely impaired stroke patient ES057JS1987. The trajectory of the right
ankle is represented with a continuous green line, and the left with red dotted line.
Normalized area I =
areaeven − areaodd
areaeven + areaodd
(4.11)
Normalized area II = log210
areaodd
areaeven
(4.12)
The features based on the progression of the pelvis and ankle markers are compiled in
Tab. 4.9.
4.5.5 Interlimb coordination
The further category analysed in this thesis is the interlimb coordination in which the
synchronization between the arm and leg swing is assessed. This group of features is
related to the work from Schweizer et al. [152] and is an own category.
The interlimb coordination (introduced in Section 2.1.3) can be measured using the
ankle and wrist markers relatively to the sacrum [152]. Thus, the present approach
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Table 4.9: Progression of the markers (n = 7).
Name Units Description Nr.
Pelvis progres-
sion:
Linear regression of the evolution of the PELO
marker in the direction of progression.
- RMSE m - Root-mean-square error 1
- max. deviation m - Maximum deviation 1
Progression
of the ankle
markers:
Progression of the markers RTIO and LTIO in the
direction of progression.
• Even and odd
areas
m.s - Average of the odd/even areas formed by the two
curves (see Fig. 4.19)
2
• Amplitude of
areas:
- Absolute
m.s - Absolute amplitude between the two areas (see
Eq. 4.10)
1
- Normalized I - - Normalization using Eq. 4.11 1
- Normalized II - - Logarithmic normalization (see Eq. 4.12) 1
considers the swing of the arms as the horizontal distance between the radius origin
(LRAO and RRAO — left and right radius origin) and the pelvis (PELO). For the
leg swing, the vector between the tibia origin (LTIO and RTIO = left and right tibia
origin) and the pelvis (PELO) were computed, as shown in Fig. 4.22.
Using this method, when the swing of a leg is plotted together with the swing of the
opposite arm, it becomes clear that the peaks occur simultaneously (see Fig. 4.20a). In
order to quantify this synchronization the cross-correlation function (XCF) between the
two curves is calculated (see Fig. 4.20b). The XCF is very common in signal processing
to measure the similarity of two waveforms as a function of a time-lag applied to one of
them. In the example shown in Fig. 4.20, referring to a healthy subject, the maximum
correlation is 0.99 and reached at lag 0, meaning that there is no lag between the
curves and the leg and arm swing are perfectly synchronized (maximal correlation is
given by XCF=1.00). However, in the case of the severely impaired patient presented
in Fig. 4.21, the maximum correlation is 0.78 reached at lag -6%. This proves that
the synchronization between the leg and arm motion is much smaller than in healthy
subjects, and that there is a shifting of 6% of the GC when the maximum correlation
occurs. Furthermore, the correlation at lag 0 is also one of the features computed. In
the case of the stroke patient shown in Fig. 4.21, it is 0.75 which means there is only
75% of time correlation between the arm and the leg swing.
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Figure 4.20: Interlimb coordination of healthy subject EP001DR1980 (a) swing of the
right leg vs. left arm and (b) cross-correlation between the two curves.
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Figure 4.21: Interlimb coordination of severely impaired patient ES057JS1987 (a) swing
of the right leg vs. left arm and (b) cross-correlation between the two curves.
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Analogously to Fig. 4.20 and Fig. 4.21, the relationship between left leg and right arm
was analyzed. Subsequently, the features from the interlimb coordination were sorted
by MA/LA sides (e.g. MA leg vs. LA arm). Overall, 6 features were extracted from
the analysis of the interlimb coordination, as shown in Tab. 4.10.
LRAO
RTIO
PELO
Figure 4.22: Graphical representation of the left arm (red) and right leg swing (green)
as the horizontal distance between the pelvis (PELO) and the limbs extremities.
Table 4.10: Interlimb coordination features (n = 6).
Name Units Description Nr.
Interlimb
coordination∗:
The interlimb coordination, based on the work of
Schweizer et al. [152], is computed as the XCF
between the swing of the arm and the opposite leg
(from -100% to +100% of the GC).
- Maximum - Maximum value of the XCF between the swing of
the MA leg and the LA arm (1.0 corresponds to
maximum synchronization)
2
- Lag % - Lag when the maximum correlation is reached
(0% corresponds to perfect synchronization)
2
- Value at lag 0% - - XCF at lag 0% 2
∗Features computed twice: MA leg/LA arm and LA leg/MA arm.
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4.6 Identifying the most affected side
Although stroke patients with a hemiparetic gait often present an easily recognizable
hemiparetic side, the contralateral side can have signs of abnormalities and it is not
always clear which side is the most affected. In those cases, the physical medical
examination of the patients doesn’t always provide a clear definition of the most affected
side. In fact, some patients have strokes on the central area of the brain (i.e. the brain
stem) that reach both hemispheres. Patients can also suffer multiple strokes striking
on both hemispheres.
Therefore, in order to sort the features by MA and LA sides, the electronic clinical
record file (eCRF) was used, since it is the gold standard of medical diagnosis, which is
the result of medical examination and computed tomography (CT). However, the MA
side is only clearly defined in the eCRF for 51 out the 59 patients included in the study
(see Appendix E). For the remaining 8 patients, the MA was defined as the mode of
the opinion of the 5 medical experts based on the visualization of the videos.
Alternative approach for numerical estimation
As an alternative to the very time-consuming assessment of the MA side via eCRF, a
numerical approach based on the finding that the MA side is the side with the longest
swing [176] was assessed.
The result of the clinical examination contained in the electronic clinical record file
(eCRF) clearly defined the MA side (left or right) of 51 of the 59 patients included
in the study. The remaining 8 patients were classified as “Not Defined” — “ND” (see
Appendix E). Using the numerical classification hereby presented, a success rate of
74.5% was achieved, which corresponds to 38 out of the 51 patients. The 13 mismatches
are presented in Tab. 4.11, where the results of the sorting algorithm (“predicted”), the
medical examination (“eCRF”), and the medical recognition based on the visualization
of the videos (“medical recognition” — see Fig. 4.1) are presented. The ReHabX total
score is also included and can be used as a measure of the degree of impairment of the
patients.
The majority of the outliers (9) are patients with a slight impairment (ReHabX total
score< 6), for whom the MA side is not visually evident. Furthermore, there is dis-
agreement among the raters and only for 5 of these 13 patients the 5 raters have an
unanimous opinion.
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This method shows promising results for the detection of the MA side, especially in
patients who suffered multiple strokes on both brain hemispheres, or in patients with
strokes on the central area of the brain. However, this algorithm only focuses on
a single gait parameter (i.e. the duration of the swing) and it cannot identify other
motion impairments (e.g. monoparesis in the case of patient ES071). In the future, a
more advanced model, where the dependent variable is binary could be used to improve
the results (e.g. logistic regression), but this goes beyond the scope of this dissertation.
In the context of this thesis, to avoid the contamination of the data, the MA side was
defined as described at the beginning of Section 4.6. The MA side of each patient is
listed in Appendix E.
Table 4.11: Mismatches in the sorting algorithm (n = 13).
Patients
ID
MA side⋆
ReHabX
total
score
Individual medical recognition of
the MA side⋆,†
eCRF Alg.‡ PT1 PT2 N1 N2 N3
ES056 2 1 7.8 2 1 1 2 1
ES062 2 1 2.8 2 1 1 1 2
ES063 2 1 0.8 1 1 1 - 2
ES071 2 1 4.6 1 2 1 1 2
ES074 2 1 2.6 2 2 2 2 2
ES079 2 1 2.8 2 2 1 2 1
ES085 2 1 7.0 - 2 2 2 2
ES089 2 1 5.0 2 1 2 2 2
ES097 2 1 3.0 - 2 2 2 2
ES098 1 2 5.4 2 2 2 1 2
ES122 2 1 5.8 2 2 2 2 2
ES156 2 1 6.2 2 2 1 2 2
ES187 2 1 13.6 2 2 2 2 2
⋆Most affected side: 1=left; 2=right.
‡Prediction obtained using the model based on the duration of the swing phase.
†Raters PT1 and PT2 are physiotherapists, while N1, N2 and N3 are neurologists.
4.7 Multilinear regression
Once the features are sorted by MA and LA side, the multilinear regression is per-
formed. Matlab R2015a (MathWorks, USA) was used for this purpose, using the
function stepwisefit. Although the majority of this kind of analysis uses SPSS (IBM
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Corporation, USA), Matlab was chosen to keep all the data in a single platform and
avoid the importating step such as a change of software requires. A number of recent
studies have used the same procedure in multiple areas of knowledge: electromechanics
[112], hydrodynamics [62], chemistry [6], footwear industry [98], and GA [20, 97, 178]
among others.
4.7.1 Assumptions and considerations
When performing a multiple regression, four main assumptions are made (see Tab. 4.12),
and must be tested.
1. It is assumed that the relationship between the dependent and the independent
variables is linear in nature.
2. The variables are reliable, i.e. they are measured without error.
3. The dependent variable must be normally distributed.
4. The multilinear model is only considered to be valid if the residuals are normally
distributed and if the variance remains in the same interval across all the samples
(i.e. homoscedasticity).
When these assumptions are not met, the trustworthiness of the resulting models is
compromised. Violations of these assumptions may cause Type I errors (i.e. incorrect
rejection of a true null hypothesis), or Type II errors (i.e. failure to reject a false null
hypothesis), and result in biased estimators (i.e. wrong coefficients), biased standard
errors, untrustworthy confidence intervals and significance tests [123, 184].
In the present work, a one-sample Kolmogorov-Smirnov test was used to test if the
dependent variable (i.e. the medical score) followed a standard normal distribution
(function kstest in Matlab R2015a — MathWorks, USA) [169].
For the validation of the models, residual plots are examined. Residual scatter plots
provide a visual representation of the difference between the predicted values yˆ and the
target signal y [164]. If the residuals are normally distributed, the scatter plot should
reveal residuals piling up in the center and trailing off symmetrically from there. If
the shape of the plot is rectangular, the linearity assumption is met and the residuals
prove to be homoscedastic. The assumption of homoscedasticity presupposes that the
standard deviation is equal for all predicted values yˆ. Thus, the band enclosing the
residual scatter plot should be rectangular (i.e. have equal width for all samples) [164].
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Additionally, the one-sample Kolmogorov-Smirnov test is repeated for the residuals,
and an Engle test for residual heteroscedasticity can be performed, using the function
archtest of Matlab R2015a (MathWorks, USA) [168].
Table 4.12: Assumptions in multiple regression [123, 164, 184].
Prerequisites
1. Linearity: the relationship between the dependent and the independent
variables is linear in nature.
2. Reliability: all variables are measured without error.
3. Normality: the dependent variables are normally distributed.
Validation of the models
4. Normality and homoscedasticity of residuals: the variance of errors
remains constant across all the predicted values.
Another important consideration in multiple regression is over-fitting. Over-fitting hap-
pens when the regression selects non-explanatory variables and obtains, nevertheless,
a high correlation with the target signal. It occurs when a large number of variables is
selected, since adding more variables to the model usually increases the goodness of fit
(see Section 4.7.3). In these cases, even the noise contained in the target data is fitted
by the numerical model. Therefore, models with fewer predictors are more desirable.
An important consideration in regression is the sample size. The sample size should be
as big as possible but, as this is often not possible, a few rules of thumb to determine
the minimum sample size for regression have been suggested in the literature [65, 69,
163, 173]. These rules define the maximum number of predictors k that can be present
in a model obtained with n samples. An overview of such rules is shown in Tab. 4.13.
In the context of the present study, as the sample is n = 59, the maximum number of
predictors in each model was set as k ≤ 6 which is a compromise between Tabachnick
and Fidell [163], and VanVoorhis and Morgan [173]: k ≤ 59/10⇔ k ≤ 5.9⇒ k ≤ 6.
4.7.2 Implementation
The algorithm used to compute the numerical models was Matlab’s function stepwise-
fit (Matlab R2015a - MathWorks, USA) which is the implementation of the stepwise
multilinear regression algorithm described by Draper and Smith [47, 170].
The algorithm follows three main steps as illustrated in Fig. 4.23. It starts by fitting a
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Table 4.13: Rules of thumb for determining the maximum number of predictor k in a
model obtained with sample size n.
Author Year Rule Reference
Harris 1975 Desirable: k < n− 50 [69]
Tabachnick and Fidell 1989
Desirable: k ≤ n/20
[163]
Maximum: k ≤ n/5
Green 1991 Desirable: k ≤ (n− 50)/8 [65]
VanVoorhis and Morgan 2007
Desirable: k ≤ n/50
[173]
Maximum: k ≤ n/10
model with the single best feature, and then adds subsequent features, one at a time, as
long as these additions keep improving the model. The algorithm functions as follows
[47, 170]:
1. First, the single best feature (suppose it is x1) is selected and a first-order, linear
regression equation yˆ = β0 + β1x1 is computed.
2. Then, the partial p-values of all the features not in the model are examined. If the
feature with the smallest p-value has a p-value below the entrance tolerance penter,
the null-hypothesis that the feature (suppose this is x2) would have coefficient
null (β2 = 0) in the model is rejected. This indicates that x2 is a meaningful
predictor and it is added to the model. A new regression yˆ = β0 + β1x1 + β2x2
is fitted. Step 2 is repeated until the feature with the lowest p-value is greater
than penter, and only then is step 3 initiated.
3. The partial p-values of all the predictors (i.e. the features in the model) are
checked, and if any predictors have p-values above the exit tolerance (premove), the
hypothesis of a null coefficient is not rejected, and the predictor with the largest
p-value is removed and the algorithm goes back to step 2; otherwise, it ends. It
is important to mention that a predictor that was the best entry candidate at an
earlier stage may, posteriorly, be dismissed because of its relationship with the
features in the model.
The default values of entrance and exit tolerance were used (penter = 0.05 and premove =
0.10). This is a conservative approach that tends to retain the predictors in the model.
It also is computationally more efficient as it prevents the occurrence of cycling patterns
[47].
The observation of Fig. 4.3 and Fig. 4.23 reveals that an initial guess can be given as
an input to the regression (see step 1 in Fig. 4.23). When an initial guess is given (e.g.
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xi and xj), the first fit will fit the regression yˆ = f(xi, xj). Thus, the final model varies
with the initial guess and, in order to seek the best possible model, all the possible
combinations of 0, 1, 2, and 3 features in the initial guess were tested. Furthermore, 1
million randomly selected combinations of 10 features were tested. The overall number
of tested models for each ReHabX subscore is shown in Tab. 4.14.
In order to select the best of the almost 2 million models, the information criteria (AIC,
AICc and BIC — see Section 4.7.4) were used for the comparison of the models, and
to select the model that has the best compromise between accuracy (R2) and number
of features (to avoid over-fitting).
Table 4.14: Number of possible combinations and combinations tested as initial guesses
for the stepwise regression.
nr. of features in
the model
nr. of possible
combinations
nr. of tested
combinations
0 C(158, 0) = 1 1
1 C(158, 1) = 158 158
2 C(158, 2) = 12 403 12 403
3 C(158, 3) = 644 956 644 956
10 C(158, 10) ≈ 2× 1015 1× 106
Total: 1 657 518
4.7.3 Goodness of fit
The goodness of fit represents the level of agreement between the target signal (i.e. the
medical ReHabX score) and the values predicted using the corresponding model. The
traditional methods to evaluate the goodness of fit are the coefficients of determination:
R2 and R2adj, and the root mean square deviation (RMSE). This approach is appropriate
to compare the numerical model to the target signal. However, since this last one is the
average of the ratings of the 5 medical experts, it is insufficient for the comparison with
the individual medical ratings. Thus, a novel way of evaluating the models, the so-
called “bubble plots” is introduced (see Section 5.2.5). The bubble plots contain both
the individual medical scores and the numerical scores (i.e. predicted by the models)
plotted against the medical average scoring (i.e. the target signal). These plots allow
the visualization of the level of agreement among the medical team, as well as the
comparison of the numerical scoring with the average ratings.
The goodness of fit, which measures the model accuracy, can be assessed using:
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1. Fit initial model
2. Add variables to the model
3. Remove variables from the model
Matrix of sorted
features Initial guess
Average medical score
(target signal)
Fit initial model
Compute p-values of each
feature not in the model
is
min(p-value) < penter
?
Add variable to the
model
Compute p-values of each
feature in the model
is
max(p-value) > premove
?
Remove variable from
the model
Yes
Yes
No
No
End
Figure 4.23: Algorithm executed during the stepwise regression [170].
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• the coefficient of determination (commonly known as R-squared or R2), that
measures how well the model fits the medical scores,
• the adjusted R-squared (R2adj), which is independent of the number of features n
contained in the model, or
• the root-mean-square error (RMSE), which measures the difference between the
model yˆi and the medical scores yi.
R2 and R2adj are dimensionless fractions with a value comprised between 0.0 and 1.0,
which summarizes the discrepancy between the predicted variable (numerical score)
and the empirical data (medical score). A value of 0.0 means the model does not fit
the target variable at all, while a value of 1.0 represents a perfect fitting.
Computation of R2
Let y be the response variable, i.e. the empirical data representing the medical scores,
and yˆ represents the predicted result using the set of features x (see Eq. 4.1).
The total sum of square (SST) which measures the total variation of the empirical data
y is calculated [101, 128]
SST =
∑
i
(yi − y¯)2 (4.13)
where i represents the individual sample and y¯ is the average over all samples.
The residual sum of squares (SSR) is a measure of the variation between the empirical
data yi and the predicted data yˆi [101, 128]. It is defined as the sum of the squared
residuals.
SSR =
∑
i
(yi − yˆi)2 (4.14)
The coefficient of determination, commonly known as R-squared and denoted R2, is
[101, 128].
R2 = 1− SSR
SST
(4.15)
R-squared is a measure of the global fit of the model and can be interpreted as the
proportion of variation of y reproduced by yˆ. R2 is equal to 1 when all the variability
of y is explained in yˆ.
As an example, a value R2 = 0.85 can be read as "85% of the variance (σ2) of the
empirical data y can be explained by the features included in the model yˆ. The remaining
15% can be attributed to unknown confounding factors or inherent variability" [131].
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Computation of R2adj
Increasing the number of features in the model may increase, deceptively, the value
of R2. In this context, R2adj has been developed as a way to find a balance between
accuracy and number of predictors [128]. R2adj is the result of the normalization of R
2
to obtain a measure of the global fit of the model that is independent of the number of
predictors. R2adj is always lower than R
2, and the inclusion of a new variable will only
cause an increase in R2adj if the increase in R
2 is greater than what would be expected
accidentally. The formula used to calculate R2adj is [128]
R2adj = 1−
[
(n− 1)
n− k − 1
](
SSR
SST
)
(4.16)
where,
• k is the number of predictors in the model (excluding the constant term β0), and
• n is the sample size (nr. of cases).
Computation of RMSE
The RMSE is a measure of the difference between the empirical data y and the numer-
ical model yˆ [31]. It is given as the square-root of the average residual value between
y and yˆ (i.e. SSR/n), and can be seen as the standard deviation of the unexplained
variance. In a simplified form, it can be obtained by calculating the square-root of SSR
divided by the sample size n [31] as
RMSE =
√∑
i(yˆi − yi)2
n
=
√
SSR
n
(4.17)
where,
• yˆ is the predicted data,
• y is the empirical data (i.e. target signal),
• n is the sample size, and
• SSR is the residual sum of squares (see Eq. 4.14).
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4.7.4 Model selection
In order to select the best model, it is necessary to penalize over-fitting, since models
with fewer variables are preferable. Criteria such as the Akaike Information Criteria
(AIC) and the Bayesian Information Criteria (BIC) can be used to this effect. They
are measures of the relative quality of the models, or, in other words, they try to find
the model with the highest goodness of fit while maintaining the model in as simple a
form as possible by penalizing model complexity [101].
Computation of the AIC and AICc
The Akaike Information Criterion (AIC) gives a measure of the balance between good-
ness of fit (SSR — see Eq. 4.14) and number of predictors k selected by the model. It
is computed as [4, 164]
AIC = −2 · ln
(
SSR
n
)
+ 2k (4.18)
where,
• n is the sample size,
• SSR is the residual sum of squares (see Eq. 4.14), and
• k is the number of predictors included in the model.
The selection of the best fitting using the AIC is a minimization problem, i.e. the model
with the lowest AIC should be selected [101, 164].
In the present study, a finite sample size is used and therefore, a corrected AIC known
as AICc) and defined as
AICc = AIC+
2k(k + 1)
n− k − 1 (4.19)
is employed in this case.
The AICc has a sharper cut-off when compared with the AIC, when the number of
predictors k is large compared with the sample size n. Nonetheless, when the sample
size n is large, the AICc behaves similarly to the AIC [101].
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Computation of the BIC
The Bayesian Information Criterion (BIC), also known as the Schwarz Criterion, is
very similar to the AIC but it penalizes the number of predictors more than the AIC
(BIC: ln(n) vs AIC: 2), therefore emphasizing simplicity. It is calculated as
BIC = −2 · ln
(
SSR
n
)
+ k · ln(n) (4.20)
where,
• n is the sample size,
• SSR is the residual sum of squares (see Eq. 4.14), and
• k is the number of predictors included in the model.
Similarly to the AIC, a lower BIC shows a better trade-off between the accuracy and
the number of predictors k in the model [101].
Chapter 5
Results and Discussion
An idea not coupled with action will never get any bigger than the brain cell
it occupied.
Arnold Glasow
1905 – 1998
The present chapter deals with the results of applying the linear regression to the
ReHabX data. In this respect, first the database is analyzed and secondly the numerical
scores as well as the matrix of features are checked for reliability. Finally, the numerical
models are presented and discussed.
5.1 Analysis of the database
In the current section, the database — which includes both the medical rating and
the extracted features — is described and analyzed. The medical data was checked for
reliability and normal distribution, as those are two requirements needed to perform
linear regressions (see Section 4.7.1).
5.1.1 General overview
An overview of the study group is shown in Tab. 5.1. 59 patients were included in
the study, of which the majority (47) were male. Regarding the hemiparetic side, the
sample was homogeneous (30 mostly affected on the left vs. 29 on the right side).
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Table 5.1: Number of patients in the different classes.
Item description Cases
Patients 59
MA side∗:
- Left 30
- Right 29
Male 49
Female 10
Age group
- Range [35− 85]
- Mean (µ) 60.41
- Standard deviation (σ) 10.11
Patients using a cane∗∗ 11
∗MA side based on the eCRF and the medical diagnosis.
∗∗Although using a cane significantly affects the gait kinematics, patients with a cane were
kept because discarding them would exclude all the patients with a “stability/risk of falling”
subscore=3 (see Appendix C).
5.1.2 Preliminary analysis of the clinicians’ ratings
The reliability of the medical scores was assessed using the intraclass correlation coeffi-
cients (ICC), which is a measure of the level of agreement among the raters. There are
6 versions of the ICC, each designed for a specific application, and which provide dif-
ferent results when applied to the same data [154]. In the present study, as we assume
the 5 medical experts do represent the whole population of raters, and that the target
signal is the mean value of the 5 raters, the appropriate ICC is the ICC(2, k) with
k = 5 raters [154]. The ICC(2, k) represents how any set of k raters agrees with the
mean of any k raters. On the contrary, the ICC(3, k) shows how a group of k selected
raters agrees among themselves, and is a test of consistency among the sample group
that cannot be generalized to a larger population of raters.
For the chosen ICC it holds
ICC(2, k) =
BMS− EMS
BMS+ (JMS− EMS)/n (5.1)
where,
• k is the number of raters,
• BMS is between-targets mean square, given as BMS = k
∑n
i=1
(x¯i−x¯)
2
(n−1)
,
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• JMS is between-judges mean square, given as JMS = n
∑k
j=1
(x¯j−x¯)
2
(k−1)
,
• EMS is the residual mean square, given as EMS =
∑n
i=1
∑k
j=1
(x¯+xi,j−x¯i−x¯j)
2
(n−1)(k−1)
, and
• n is the sample size (nr. of cases).
The ICC can be interpreted according to the guidelines set by de Vet et al. [37], which
states that, when dealing with medical scales, the ICC should always be greater than
0.70. Furthermore, according to Fleiss [55], the ICC shows a good reliability when
between 0.60 and 0.75, and an excellent when greater than 0.75.
In addition to the ICC, the homogeneity of the medical scores was tested using an
item-total correlation test. This widely used method consists in calculating Pearson’s
product moment correlation coefficient (PCC) for each of the raters, with the mean
value of the remaining raters [51]. If the correlation coefficient of any rater is below
0.20, he/she should be excluded from the study [51].
The results for both the ICC and the item-correlation test are shown in Tab. 5.2, which
shows that the ICC of all subscores shows an excellent level of agreement among the
raters (ICC > 0.75). It is also observed that the scores are homogeneous, since the
item-total correlation shows that the doctors have a great level of agreement with one
another (PCC > 0.20), and that none of them should be discarded.
Table 5.2: Analysis of reliability: item-total correlation and ICC (n = 58⋆).
ReHabX score
Item-total correlation† (PCC)
ICC(2,5)
PT1 PT2 N1 N2 N3
Trunk movement 0.807 0.788 0.784 0.787 0.702 0.886
Leg movement 0.867 0.825 0.831 0.842 0.796 0.912
Arm movement 0.839 0.811 0.843 0.841 0.740 0.903
Gait speed 0.862 0.804 0.855 0.881 0.875 0.933
Gait fluency 0.776 0.843 0.866 0.807 0.806 0.894
Stability 0.941 0.915 0.924 0.937 0.934 0.972
ReHabX total score 0.952 0.931 0.967 0.950 0.931 0.966
⋆The sample size is 58 because the rater PT1 did not evaluate one of the patients (ES085).
†Raters PT1 and PT2 are physiotherapists, while N1, N2 and N3 are neurologists.
As mentioned in Section 4.7.1, a stepwise regression is only possible when the dependent
variable (i.e. the target signal) follows a normal distribution. Therefore, a One-sample
Kolmogorov-Smirnov test (function kstest in Matlab R2015a — MathWorks, USA)
was performed, and it was verified that all the medical scores were normally distributed.
Consequently, it was proven that the medical scores can be used as target signals for
the regression, and that the database includes a sufficient number of patients in each
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of the categories (from 0 to 3).
Descriptive statistics of the ReHabX subscores and other clinical scores were checked
(see Tab. 5.3). With this analysis, it was verified that not only were the subscores
normally distributed, but that each subscore category (from 0 to 3) is also represented
in the database.
Table 5.3: Descriptive statistics of the medical scores of the test subject population
(n = 59): traditional stroke scales and average ReHabX score.
Item description Mean SD Range
Timed 10m walk test (s) 13.99 7.09 [6.53-35.70]
TUG test (s) 16.46 8.63 [8.00-44.00]
BBS 49.90 5.56 [26-56]
FIM* 6.08 0.65 [4-7]
BI 86.95 11.35 [55-100]
NIHSS 4.07 8.05 [0-63]
Modified Rankin Scale 1.73 0.82 [0-3]
Trunk movement 0.91 0.69 [0.0-2.6]
Leg movement 1.31 0.74 [0.0-3.0]
Arm movement 1.71 0.87 [0.2-3.0]
Gait speed 1.19 0.76 [0.0-2.8]
Gait fluency 1.2 0.63 [0.0-3.0]
Stability/risk of falling 1.17 0.97 [0.0-3.0]
ReHabX total score 7.5 4.15 [0.8-15.6]
∗The medical team only uses the 12th item of the scale: walk/wheelchair (see
Appendix B).
5.1.3 Screening for outliers
First, the videos relative to the measurements were visualized. In this step, the place-
ment of the markers was checked, and measurements with inconsistencies (e.g. stopping
in the middle of the walkway, tripping, etc.) were removed from the database.
In a second step, the z-scores were used to identify outliers in the feature matrix. Z-
scores show the stand (in standard deviations) of each feature for each patient [128].
Z-scores above 5 or below -5 were flagged as outliers. Those trials were screened
manually to check if the corresponding features truly corresponded to an error. In
some cases, individual trials were discarded (see “Quality control” in Fig. 4.2) but no
further patient was removed from the overall sample (n = 59).
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5.2 Regression models
Due to the good reliability and normal distribution of the medical scorings, a linear
regression, such as the one described in Section 4.7.2 can be performed. Therefore,
automated linear models for all the subscores (using the features as predictors) were
computed. Following the methodologies described in Section 4.7, 1 657 518 models
were obtained. The information criteria (AIC, AICc and BIC) were calculated for
model selection, and the models were checked for sufficient precision by the coefficients
of determination (R2 and R2adj).
In a second stage, the features in the models were checked for plausibility by the
clinicians. In this context, the top 4 models for each subscore were discussed to verify
if the features included in each model were meaningful.
As mentioned previously, a novel, and a traditional way of evaluating the models were
implemented (see Fig. 4.3). In addition to the calculation of the traditional evaluation
indexes R2, R2adj, and RMSE, a novel way of evaluating the models — the so-called
“bubble plots” — was developed.
5.2.1 Computation time
The computation of all the models was performed on a computer featuring an IntelR©
CoreTM i7-2700k CPU @3.50GHz 3.80GHz, and 8.00 GB of RAM. The operating sys-
tem was Windows 10 Pro (64 bits), and all the processing operations were performed
on Matlab R2015a (MathWorks, USA).
Computing the models was, by far, the longest computation operation of the work flow
(see Section 4.1), lasting over 4 days. The description of the computation time of the
models with 0, 1, 2, 3, and 10 features in the initial guess is presented in Tab. 5.4. It
is interesting to notice that the multiplication factors between number of combinations
and computation time do not coincide. This does not happen because the computation
time of single models increases, but because, when dealing with large amounts of data,
saving the variables becomes increasingly slow.
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Table 5.4: Computation time of the regression sorted by number of predictors in the
initial guess.
nr. of features in
the initial guess
nr. of
combinations
tested
Computation time
hh:mm:ss.ss
0 1 00:00:00.16
1 158 00:00:17.16
2 12 403 00:24:29.45
3 644 956 27:49:40.73
10 1× 106 82:51:57.30
Total: 1 657 518 111:06:24.81
5.2.2 Model selection
In order to select the model that has the best compromise between precision and
simplicity, the information criteria of each model were computed. The precision of the
models increases with the number of predictors, which can be seen by plotting the
coefficient of determination R2 against the number of features included in the model
(see the results for the subscore “stability/risk of falling” in Fig. 5.1). The results for
the remaining scores are shown in Appendix F. The curves R2 vs. number of features
all present the same behavior and can be simplified as follow:
1. a period of linear rapid growth, and
2. a period of very slow growth (=over-fitting).
In order to avoid over-fitting, a threshold for the maximum number of features was
defined as k = 6. As mentioned in Section 4.7.1, there is no agreement in the literature
for the definition of such a threshold, but there seems to be a trend to use a minimum
of 10 samples per predictor. In this case, this translates into k = 59 samples
10
= 5.9, and
therefore 6 was selected as the maximum number of predictors in each model.
The selection of the models was performed by searching for the model with the lowest
information criteria among the models. All three information criteria (AIC, AICc, and
BIC) presented the same behavior (see Appendix F), and systematically selected the
models with the least amount of predictors. This indicates that although adding more
predictors does improve model accuracy, this improvement is not significant enough to
be worth increasing model complexity.
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Figure 5.1: R2 vs. number of features for the subscore “stability/risk of falling”.
In reality, many models of the models converged to the same solution and the actual
number of different models is significantly lower than the 1 657 518 computed models
shown in Tab. 4.14. Furthermore, many models are similar to each other (i.e. with
common features among each other) as it can be seen in the top 4 models for each
subscore that were selected for discussion with the clinicians (see Section 5.2.5).
5.2.3 Goodness of fit
The precision of the models with the smallest number of predictors and the highest
R2 is shown in Tab. 5.5, together with the number of features in each model, and the
ICC(2, k). While the ICC(2, k) expresses the level of agreement among the raters (see
Section 5.1.2), the model accuracy shows how well the numerical results correspond
to the medical ones, and although the ICC(2, k) and R2 are not equivalent measures,
they seem to be correlated. All the subscores have a R2 above 0.75 which shows a good
correlation with the average of the medical ratings. R2adj is only slightly lower than R
2,
but shows the same behavior, and the values of RMSE are all relatively small (< 0.5
for the functional subscores and < 3 for the ReHabX total score). As expected, models
with more features tend to have a better fit (i.e. higher R2).
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With the exception of “trunk movement” and “gait fluency”, the accuracy of the nu-
merical models is excellent (R2 > 0.80) and, as expected, a higher ICC(2, k) results in
a better model accuracy. This indicates that subscores with a better agreement among
doctors are numerically more accurate. This shows that subscores in which the raters
are more precise are better described by the computed features, which supports the
premise that, consciously or not, the medical team looks at measurable kinematical
parameters during the rating process.
Table 5.5: Intraclass correlation coefficient (ICC(2, 5)) and goodness of fit of the nu-
merical model with the highest R2 for each ReHabX subscore.
ReHabX subscore ICC(2,5)
Goodness of fit nr. of
predictorsR2 R2adj RMSE
Trunk movement 0.886 0.759 0.746 0.340 3
Leg movement 0.912 0.850 0.836 0.288 5
Arm movement 0.903 0.823 0.806 0.365 5
Gait speed 0.933 0.923 0.914 0.211 6
Gait fluency 0.894 0.786 0.770 0.289 4
Stability / risk of falling 0.972 0.873 0.858 0.346 6
ReHabX total score 0.966 0.887 0.877 1.391 5
5.2.4 Quality control of the linear modeling
In order to detect systematic errors or validate the models, a simple residual analysis of
the numerical models was performed. To this end, residual scatter plots for all subscores
were computed to examine if the assumptions of normality and homoscedasticity of
residuals (which proves that the linear assumption is valid) were met (see Section 4.7.1)
[164]. All 7 scatter plots are included in Appendix G, but “stability/risk of falling”
is also shown as an example in Fig. 5.2. The scatter plot demonstrates that the
residuals are distributed in a rectangular pattern centered around 0, with a higher
concentration of points in the center, which confirms that there is no violation of the
initial assumptions (see Tab. 4.12).
Moreover, a Kolmogorov-Smirnov test was performed from which it was verified that
the residuals of all linear models were normally distributed. Finally, an Engle’s test
confirmed there were no autoregressive conditional heteroscedastic (ARCH) effects in
the residuals confirming homoscedasticity and thus validating the complete model.
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Figure 5.2: Residual scatter plot for the subscore “stability/risk of falling” (R2 =
0.873).
5.2.5 Bubble plots and discussion of the models
In order to analyze the consistency of the results, a novel plot type — named the
“bubble plot” — was developed that shows both the medical and the computed results.
This plot is a mixed scatter and bubble chart. In this graph, the individual medical
grades are plotted against the medical average score (blue circles), and the diameter of
the circles is proportional to the number of times this score was given. On the other
hand, the numerical results are represented with red crosses (numerical vs. average
medical score).
The bubble plots for the 6 ReHabX subscores are presented in Fig. 5.3, and a large
variability of the medical scoring is observed:
• reading the graphs circles horizontally, one can observe that a given individual
score can occur in average scores with a range of over two score units. Taking
“arm movement” as an example, the individual score “1” appears in average
scores from 0.2 to 2.4.
• reading the graph vertically, one can see that a given average score can contain in-
dividual scores frequently ranging 3 full ranks. This happens in all subscores with
an exception for “stability/risk of falling” (which explains the highest ICC(2,5)
— see Tab. 5.2), but the variability can reach the full scale. In the case of “arm
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StabilityGait fluency
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Gait speedArm mov.
Figure 5.3: Bubble plots for all the ReHabX subscores: “trunk movement”, “leg move-
ment (MA)”, “arm movement (MA)”, “gait speed”, “gait fluency”, and “stability/risk
of falling”. The medical ratings are represented with blue circles and the numerical
scores with red crosses. The diameter of the circles is proportional to the number
of points in the corresponding position, and the green area represents the desirable
matching area defined as x¯± 0.5.
Chapter 5. Results and Discussion 97
movement”, patients with an average score of 1.0 and 2.25 were rated by different
experts with both 0 (no pathological findings) and 3 (complete arm spasticity or
plegia).
In both cases (vertically and horizontally), there is a large variability when comparing
the clinicians ratings with the numerical models (red crosses). The numerical scoring
falls within the (green) desirable matching area (defined as x ± 0.5 points) with very
few outliers. This demonstrates that the numerical scoring has a better precision than
the individual medical ratings.
The models are a set of 3 to 6 features as shown in Tab. 5.6, which presents the best
4 models for each of the 7 ReHabX subscores1. The top 4 models are selected as the
models with the least amount of predictors and the highest value of R2 for that number
of predictors. The impact of each feature on the corresponding subscore is shown by
its weight (%). The arrows indicate how the predictors are correlated to the clinical
scores: an arrow up (↑) means that the higher the predictor value, the higher (worse)
the clinical score it, while and arrow down (↓) indicates that the higher the predictor,
the lower (best) the clinical score is. A representative example is the feature gait speed
in the “ReHabX total score”: here the arrow pointing down ↓ means that: "patients
(without cane usage) with a faster gait are less impaired than those having a slower
gait".
Models for each subscore are very much alike, not only in terms of goodness of fit R2,
but also regarding to the features they include. The top 4 models have most of their
features in common and when a feature is removed, it is usually replaced by a similar
one. Also, the presence of the same feature from the AL-plot of both MA and LA sides
in different models, such as
• length of the maximum eigenvector in “arm movement (MA)” (model 1 and 3)
and “ReHabX total score” (model 3 and 4), and
• maximum anteroposterior bending in “stability/risk of falling” (model 1 and 2)
suggests that the feature is more relevant than the GC (MA or LA) it is measured on,
and that a single AL-plot representing both gait cycles can be used.
In order to verify if the selected predictors were plausible, the linear models were
checked for rationality. In this context, the final models for each score (as shown in
Tab. 5.6) were discussed and accepted by a team composed of 2 neurologists and a gait
specialist who were involved in the definition of the ReHabX score.
1Tab. 5.7 presents the list of abbreviations needed to interpret Tab. 5.6
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Table 5.6: Top 4 models with the highest R2 and minimum nr. of features for each
ReHabX subscore. The list of abbreviations used in this table is included in Tab. 5.7.
Model 1 Model 2 Model 3 Model 4
T
r
u
n
k
m
o
v
.
Feature %
LA ALP curve 53.5 ↑
MA knee RoM 23.9 ↓
MA ankle RoM 22.6 ↓
R2 = 0.759
Feature %
LA ALP curve 55.5 ↑
MA ankle RoM 24.5 ↓
MA knee max 19.9 ↓
R2 = 0.756
Feature %
LA ALP curve 54.9 ↑
MA knee max 25.3 ↓
LA ankle RoM 19.9 ↓
R2 = 0.745
Feature %
MA ∠ALP AP RoM 53.6 ↑
MA knee max 32.2 ↓
MA ALP ellipse ∠ 14.2 ↓
R2 = 0.744
L
e
g
m
o
v
.
(M
A
) Feature %
MA SSP (%) 39.2 ↓
LA ALP curve 21.3 ↑
MA ankle RoM 17.8 ↓
MA knee max 15.8 ↓
MA elbow RoM 5.9 ↑
R2 = 0.850
Feature %
LA stance (%) 57.1 ↑
LA ALP curve 14.6 ↑
MA ankle RoM 12.4 ↓
MA knee max 11.6 ↓
MA elbow RoM 4.3 ↑
R2 = 0.849
Feature %
LA swing (%) 39.5 ↓
LA ALP curve 21.2 ↑
MA ankle RoM 17.4 ↓
MA knee max 15.9 ↓
MA elbow RoM 6.0 ↑
R2 = 0.849
Feature %
LA ALP curve 31.2 ↑
MA ankle RoM 26.3 ↓
MA knee max 21.9 ↓
MA DSP (s) 12.9 ↑
MA elbow RoM 7.7 ↑
R2 = 0.847
A
r
m
m
o
v
.
(M
A
) Feature %
MA GC (s) 25.5 ↑
MA elbow min 23.8 ↑
MA shoulder RoM 21.3 ↓
MA ALP EigV 16.4 ↑
LA elbow maxtime 13.0 ↓
R2 = 0.823
Feature %
MA elbow min 28.6 ↑
MA shoulder RoM 23.7 ↓
MA ALP EigV 18.8 ↑
LA elbow maxtime 17.6 ↓
MA DSP (s) 11.2 ↑
R2 = 0.822
Feature %
MA GC (s) 23.6 ↑
MA elbow min 23.3 ↑
MA shoulder RoM 20.7 ↓
LA ALP EigV 16.9 ↑
LA elbow maxtime 15.5 ↓
R2 = 0.821
Feature %
MA elbow min 27.6 ↑
MA shoulder RoM 22.8 ↓
LA elbow maxtime 20.1 ↓
LA ALP EigV 19.2 ↑
MA DSP (s) 10.3 ↑
R2 = 0.820
G
a
it
sp
e
e
d
Feature %
Norm speed 55.0 ↓
MA shoulder min 10.2 ↑
LA shoulder min 10.1 ↓
LA hip maxtime 9.2 ↑
MA elbow max 9.2 ↑
LA ALP smin/smax 6.3 ↑
R2 = 0.923
Feature %
Norm speed 61.2 ↓
LA hip maxtime 12.5 ↑
LA shoulder RoM 8.7 ↑
MA shoulder min 8.0 ↑
LA ALP SMA 6.0 ↑
MA ALP min lat 3.7 ↓
R2 = 0.923
Feature %
Norm speed 61.2 ↓
LA hip maxtime 12.5 ↑
LA shoulder RoM 8.7 ↑
MA shoulder min 8.0 ↑
LA ALP SMA 6.0 ↑
MA ∠ALP min lat 3.7 ↓
R2 = 0.923
Feature %
Norm speed 65.2 ↓
MA hip maxtime 8.4 ↑
MA ALP lat RoM 8.2 ↑
MA shoulder min 8.0 ↑
LA ALP SMA 7.2 ↑
MA ankle min 3.0 ↑
R2 = 0.922
G
a
it
fl
u
e
n
c
y
Feature %
LA norm step 38.1 ↓
MA ALP curve 26.8 ↑
MA ankle RoM 25.6 ↓
MA DSP (s) 9.5 ↑
R2 = 0.786
Feature %
LA norm step 38.4 ↓
MA ALP curve 26.5 ↑
MA ankle RoM 25.8 ↓
LA DSP (s) 9.3 ↑
R2 = 0.786
Feature %
LA norm step 37.1 ↓
MA ankle RoM 26.4 ↓
MA ALP curve 26.0 ↑
LA LRP (s) 10.5 ↑
R2 = 0.785
Feature %
LA norm step 42.3 ↓
MA ALP curve 27.1 ↑
MA ankle RoM 24.5 ↓
MA LRP (s) 6.1 ↑
R2 = 0.782
S
ta
b
il
it
y
Feature %
Norm speed 34.2 ↓
LA elbow maxtime 24.9 ↓
LA elbow min 15.7 ↑
LA ∠ALP max AP 12.9 ↑
LA knee max 9.3 ↑
MA ankle mintime 3.0 ↓
R2 = 0.873
Feature %
Norm speed 35.0 ↓
LA elbow maxtime 30.8 ↓
LA elbow min 15.0 ↑
MA ∠ALP max AP 9.6 ↑
MA ALP lat RoM 5.9 ↑
MA ankle mintime 3.7 ↓
R2 = 0.869
Feature %
Norm speed 35.0 ↓
LA elbow maxtime 30.8 ↓
LA elbow min 15.0 ↑
MA ∠ALP max AP 9.6 ↑
LA ∠ALP AP RoM 5.9 ↑
MA ankle mintime 3.7 ↓
R2 = 0.869
Feature %
Norm speed 39.4 ↓
LA elbow maxtime 25.1 ↓
LA norm stride 19.9 ↑
LA ALP EigV 7.4 ↑
LA ALP SMA 4.4 ↑
MA knee max SSP 3.8 ↑
R2 = 0.865
R
e
H
a
b
X
sc
o
r
e
Feature %
Norm speed 44.9 ↓
MA elbow max 22.6 ↑
MA shoulder min 12.1 ↑
LA elbow max 11.8 ↑
MA ALP SDV 8.7 ↑
R2 = 0.887
Feature %
Norm speed 44.6 ↓
MA elbow max 22.8 ↑
MA shoulder min 12.2 ↑
LA elbow max 12.2 ↑
MA ALP CDV 8.2 ↑
R2 = 0.887
Feature %
Norm speed 38.9 ↓
MA elbow max 20.4 ↑
LA elbow maxtime 15.3 ↓
MA ALP EigV 12.9 ↑
MA shoulder min 9.7 ↑
MA ankle min 2.9 ↑
R2 = 0.910
Feature %
Norm speed 37.9 ↓
MA elbow max 19.7 ↑
LA elbow maxtime 16.9 ↓
LA ALP EigV 13.0 ↑
MA shoulder min 9.6 ↑
MA ankle min 2.9 ↑
R2 = 0.907
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Table 5.7: List of abbreviations in Tab. 5.6.
Abbreviation Legend
• LA / MA Least/Most Affected side
• RoM Range of Motion (deg)
• ALP AL-Plot
• ∠ALP Angular AL-Plot
• ∠ Angle
• AP Anteroposterior
• lat Lateral
• min / max Minimum / maximum
• curve / step / stride Length of the curve / step / stride
• EigV Main eigenvector (shows the main direction of the main
variation)
• EigV Length of the main eigenvector
• mintime / maxtime Instant (in % of GC) when the minimum / maximum
occurs
• GC Gait Cycle
• SSP / DSP Single / Double Support Phase
• norm. Normalized
• smin/smax Ratio minimum deviation / maximum deviation
• SMA Smoothness Measure based on the Acceleration [77]
• LRP Loading Response Phase
• max SSP Maximum flexion during single support
• SDV Standard deviation
• CDV Cumulative deviation
“Trunk movement” is the score with the lowest R2 but it also has the lowest ICC
(see Tab. 5.2), which means it is the subscore on which there is less agreement among
the raters. It is possible that the extracted features are insufficient to represent the
“trunk movement”, or simply that it cannot be explained using only spatio-temporal
and kinematic features. However, it is also the subscore that converged with only
3 predictors. It seems to be mostly related with the movement of the upper trunk,
notably the length of the AL-plot, and the flexion of both the knee and the ankle on
the MA side. The length of the AL-plot quantifies the sway of the upper body, and
a larger AL-plot represents a more significant bending in either the anteroposterior or
the lateral directions, or both. The flexion of the MA leg are metrics of its stiffness.
Having the trunk inclined on the MA side reduces the mobility of the MA leg, and
therefore it is not surprising that AL-plot and leg stiffness are coupled. This also
suggests that the raters look at the leg movement while evaluating the trunk. It can
be hypothesized that if they would only see the upper trunk (i.e. legs hidden), the
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score might be different. Model 4 was rejected by the medical team because it is not
clear why a smaller AL-plot angle would correspond to a more impaired patient, even
though it is the feature with the smallest impact (14.2%). Also, in the case of patients
with an AL-plot presenting an “egg shape”, the angle doesn’t exist and therefore, this
feature might not be tangible.
The “leg movement (MA)” subscore converged with 5 features of which 4 are com-
mon to the top 4 models: the 3 features from “trunk movement — model 2”, and to a
minor extend, the range of motion of the MA arm (which may be affected with plegia
or spasticity). This also confirms the observation made for “trunk movement” that leg
and trunk movements are correlated. The most significant feature for the top 3 models
is related with the duration of the gait phases (see Section 2.1.2), which means timing
is an extremely important factor in this subscore, that can explain up to 57.1% of its
variability (model 2). A longer stance (model 2) or a shorter swing (model 3) on the
LA side are symptoms of a non-symmetric gait that attempts to reduce the amount
of time the body weight is supported by the unstable paretic limb (i.e. shorter single
support phase — model 1). Features that quantify the stiffness of the MA leg are
selected by all the models and account to up to 48% of the subscore (model 4).
The AL-plot for “arm movement (MA)” has the highest number of scores outside
the desirable area (noutliers = 9 — see Fig. 5.3). A possible explanation for this obser-
vation might be found in the two different outcomes of stroke: plegia or spasticity. In
both cases, the arm movement yields a poor subscore (see definition of the ReHabX
score — Appendix C), but the kinematical malfunction is very different: the paretic
arm can present partial motion or free swing while the spastic arm is characterized
by an excessive continuous contraction of the muscles. This hampers the numerical
scoring which is based on kinematical features. The numerical model converged with a
minimum of 5 predictors and therefore R2 is higher than “trunk movement” and “gait
fluency” (see Tab. 5.5). The 4 best models all selected the minimum elbow flexion
and the range of motion of the shoulder on the MA side. The elbow can be explained
because patients with arm spasticity have a permanently flexed elbow and therefore
the minimum flexion is high and close to the maximum. Minimums close to zero (i.e.
stretched arm) are a characteristic of slight/no impairment. Regarding the shoulder
joint, the higher the range of motion, the lesser the score. The models also seem to
suggest that the sooner the maximum flexion of the LA elbow happens, the more im-
paired the MA arm is. Larger AL-plots (on either side) are penalized with a higher
score, which indicates that the sway of the trunk influences arm movement. Finally,
the duration of the GC in general and the double support on the MA side in particular
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are also correlated with the “arm movement” subscore.
“Gait speed’’ is the subscore that presents the best fit (R2 = 0.923) which may be due
to the simplicity of the concept itself. This not only means that the features are more
susceptible to reproduce it, but also that the clinicians are less likely to make mistakes
during the rating process. Gait speed normalized by leg length accounts for up to
65% of the numerical score, but it is surprising to see that the regression converges
with a minimum of 6 predictors and not less. The remaining predictors are all related
with either discretized angles of both arms and legs, as well as the trunk movement
(represented by the AL-plot). This suggests that the raters perhaps associate (although
unconsciously) a larger arm swing to a faster gait and make assumptions such as "if
the MA arm is stiff, the gait must be slow". It is also possible that the medical experts
assess not only the objective speed, but also perform a case-by-case evaluation (e.g.
"patient X walks fast enough considering his condition"). Models 1 to 3 suggest that,
regarding the shoulders, a smaller range of motion on the MA side and a larger one
on the LA side are characteristics of a slower gait. This might indicate a twisting
of the trunk or that an excessive arm swing on the LA side is a symptom of a slow
gait. Features such as the timing of the hip flexion and the smoothness of the AL-plot
(Eq. 4.9 and smoothness measures according to Hogan and Sternad [77]) which are
indicators of a "staccato" motion, also explain 15-18% of the “gait speed” subscore.
The regression selected 4 features in the model for “gait fluency”, of which 3 are
common to all top 4 models. A longer step length on the LA side is a sign of a more
fluent gait and, as observed in “trunk and leg movements”, a longer AL-plot is an
indicator a larger trunk sway and corresponds to a more impaired and asymmetric
gait. The smaller the range of motion of the MA ankle, the more asymmetric and
less fluent the gait is, which suggests that AAFOs that increase plantarflexion may
be favorable to improve the fluency of the gait. The same observation was made for
“trunk movement” and with a similar weight (ca. 20-26%). Further features related to
the loading response and the double support phases entail that the longest the time
to generate a new step, the worst the fluency of the gait2 It is noticeable that features
designed to represent gait asymmetry, such as the limp index (see Eq. 3.6) or features
based on the ankle area (see Eq. 4.10) are lacking in this models, although they were
included in preliminary results.
2Note that:
• Double support = loading response + pre-swing (see Fig. 2.4), and
• LA loading response = MA pre-swing (see Fig. 2.5)
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“Stability/risk of falling” converged with a set of 6 features in its linear model.
Gait speed is the most significant feature which explains 34-39% of the subscore, which
makes sense because patients who walk slowler usually have a more unsure and un-
stable gait. The motion of the LA elbow can be found across all top 4 models and
is consistent with the fact that patients that require a cane are ranked with a 3 (see
the definition of the ReHabX score in Appendix C). The cane is held in the LA side
and the unquestionable definition of a mark 3 also explains the gap between 2 and 3
in the “stability/risk of falling” bubble plot (see Fig. 5.3). The AL-plot accounts for
ca. 12-16% of stability in which the sway of the upper body is penalized, mostly in
the anteroposterior direction. Finally the knee and ankle angles seem to have a minor
effect on overall stability with 3-4% of overall weight.
Finally, for the “ReHabX total score”, the bubble plot is presented in Fig. 5.4.
It is easy to see why the subscore as such a high ICC (ICC(2, 5) = 0.966), as the
medical ratings fit almost completely inside the tolerance area. The corresponding
linear model also presents the second highest correlation with the average medical scores
R2 = 0.887. Only two models converged “ReHabX total score” with 5 predictors, and
the top 4 was completed with the two best models with 6 predictors. The predictors
are a heterogeneous set of features that, for the majority, are already included in other
subscores. Normalized gait is the most representative feature with a weight of up to
44.9%, which is not surprising considering it is commonly accepted as an outcome
measure (e.g. timed 10 meter walk test — see Section 3.2.1). The remaining features
are mostly discretized arm angles that can be found in “arm movement (MA)”, and
“stability/risk of falling”. An example is the instant at which the maximum flexion of
the LA elbow occurs (present in model 3 and 4), which suggests that it might be an
indicator of if the patient is using a cane. Lastly, all top 4 models include a feature
from the AL-plot that represents the acceleration or sway of the trunk.
Overall, the AL-plot seems to be highly representative of the ReHabX score, since in
one way or another its features were included in the models of all subscores. However,
since 60 out of the 168 features where extracted from the AL-plot (ca. 36 %), the list
of features might have introduced bias. Other features developed in the context of this
thesis, such as the interlimb coordination, and the progression of the pelvis and ankles
were not selected by the final models although they showed promising results in the
preliminary stages of the project.
Curiously, only the subscores “gait speed”, “stability/risk of falling”, and the “ReHabX
total score” selected the feature gait speed. This goes against the expectation that all
the subscores would somehow be related with gait speed [41], and proves that the
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ReHabX score
Figure 5.4: Bubble plots for the “ReHabX total score”: medical (blue circles) vs.
numerical scores (red crosses). The medical ratings are represented with blue circles
and the numerical scores with red crosses. The diameter of the circles is proportional
to the number of points in the corresponding position and the green area represents
the desirable matching area (x¯± 0.5).
ReHabX subscores “trunk movement”, “arm movement”, “leg movement”, and “gait
fluency” do assess functional independent aspects of gait that are not overshadowed by
a basic determinant factor such as gait speed.
The complete ReHabX score can be represented by 27 features (model 1 for all sub-
scores). The flexion of the ankle, knee, shoulder, and elbow are the most representative
angles and probably the focus of the clinicians’ attention during the rating process. The
AL-plot is a valuable tool to assess the movement of the upper body, and together with
the spatio-temporal parameters (i.e. the duration of the gait cycle and phases, as well
as step length and gait speed) complete the list of features needed to compute the
ReHabX score numerically.
5.2.6 Implementation of the models
In order to implement the numerical scores discussed in the section above, the features
of each model must be computed. As the model is a multilinear regression, the value of
each feature must be replaced in an equation in the form shown in Eq. 4.2. The weights
presented in Tab. 5.6 estimate how much each feature impacts the score but they do
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not correspond to the set of coefficients β. Thus, the vector β for all 7 subscores (model
1 in Tab. 5.6) is included in Appendix H in case the reader decides to implement it.
Be aware the features must be sorted by MA and LA side (see Section 4.6), and the
units must match the ones in Appendix D.
Chapter 6
Conclusions and Future Work
If you can’t explain it simply, you don’t understand it well enough.
Albert Einstein
1879 – 1955
6.1 Conclusions
A number of stroke scales are used on a daily basis in clinics all around the world to
quantify motion impairment. However, these scales are focused on the patient’s level
of independence while performing activities of daily living and are therefore mostly
useful for the management of the patients within the clinic. These established stroke
scales (see Tab. 3.1) do not assess functional mobility like the ReHabX scores do.
Therefore, the functional ReHabX score provides novel information for the planning of
rehabilitation that was previously unavailable.
In the context of reproducing the ReHabX subscores numerically, it does not make
sense to apply PCA to the feature matrix. The resultant components would be a set of
components that represent the variation of all the features, including the ones that may
not be meaningful for the reproduction of the scores. Furthermore, the interpretation
of principal components is always subjective and uncertain [26].
The identification of the hemiparetic side as the side with the longer swing suggests
to be a possible numerical methodology (as shown in Section 4.6). This method was
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based on the literature, and the results generally agreed with the opinion of the clini-
cians (success rate of ca. 75%). Disparity appeared mostly in patients with slight gait
impairments or for whom the doctors disagree among themselves.
Aside from the traditional features and discretized articulation angles, one of the non-
traditional gait parameters used and further developed in the context of this disserta-
tion and the ReHabX project, namely the AL-plot [71, 72], proved to be a useful metric
that was included in all subscores by the multilinear regression algorithm. Other novel
features such as the interlimb coordination and the progression of the markers did show
promising results in the preliminary stages of the project but were not selected in the
final models.
The normalization of the features (i.e. dividing the spatial parameters by leg length, and
the cone projection of the AL-plot) proved to be efficient since a number of normalized
features were selected by the regression and included in the models.
Furthermore, it seems that the gait cycle the AL-plot is measured on (hemiparetic or
contralateral) doesn’t make a difference and a AL-plot that covers 2 consecutive gait
cycles could be used.
Using a stepwise linear regression offers two main advantages when compared with
other techniques:
• the computations involved are straightforward and the results are easy to inter-
pret and verify, and
• a minimum number of samples per predictor (typically 10 to 20) in contrast to
other regression techniques is needed for a linear model (see Tab. 4.13).
The numerical scores based on measured motion parameters are objective and allow a
reproducible assessment of gait disorders based on quantitative kinematical parameters
that are independent from the rater. The numerical score accuracy corresponds to the
reliability of the medical experts to determine the individual criteria, i.e. a higher ICC
is reflected in a higher model accuracy. Only “stability/risk of falling” is an exception to
the rule: it has the highest ICC but only the 3rd highest model accuracy. This happens
because mark 3 is given to patients who use a cane which is not easily identifiable using
kinematical features.
The models are easily implemented and can be used to assess the patients’ degree
of disability. Practitioners could consider using the numerical implementation of the
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functional ReHabX score for the evaluation of the patients and the documentation of
the recovery process. Furthermore, the advantages of using instrumented gait analysis
(objectivity, repeatability, comparison of results with different institutions) provide
additional confidence in the ratings and improve the diagnostic of motion impairment.
Unlike traditional gait indices (GGI, DIG, GPS, GVI, etc.) that also use instrumented
gait analysis, the implementation of the numerical ReHabX score does not require
complex statistical procedures, and is interpretable by medical practitioners. It is
merely necessary to compute 27 features included in the models (see Appendix H),
and replace them in the corresponding formulas.
During the implementation of the scores, two approaches can be chosen:
• the first one starts by sorting the features by hemiparetic and contralateral sides
(see Section 4.6). Then, the features can be replaced in the models, or
• two numerical scores can be computed: assuming that the right and the left side
are the most impaired side. In this case, the highest of the two scores should be
chosen as the score corresponding to the patient.
The numericals models are obtained through linear regression, and non-linear correla-
tions are not captured. Some authors have suggested that gait variables interact in a
non-linear way [26, 177]. However, the accuracy of the models, as well as the normal
distribution and the homoscedasticity of the residuals seem not yet to substantiate
such a hypothesis.
All three information criteria (AIC, AICc, and BIC) systematically selected the models
with the fewest features. The AIC and BIC behave similarly, showing a linear increase
with the number of predictors, while the AICc showed an exponential growth with
the number of features in the model. Models with a higher accuracy could have been
selected if simplicity had not been so favored over goodness of fit, since by penalizing
the number of features in each model, accuracy was lost. An alternative could be
defining a threshold for the maximum number of features in the model and to select
the model with the highest R2 below this line. More complex models would be selected
and a better correlation with the target would be achieved.
The models with fewer predictors are usually the models computed with fewer predic-
tors in the initial guess (k ≤ 3). This shows that adding more variables in the initial
guess (e.g. k = 10) forces over-fitting. However, the best models were all obtained
after a suitable initial guess, which suggests that an initial guess should involve few
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variables.
Despite the penalization of model complexity, the accuracy of nearly all the numerical
models is above 80% for all the ReHabX subscores, which proves that it is possible to
numerically reproduce the ReHabX scores with sufficient precision. Only the subscores
“trunk movement” and “gait fluency” show accuracy below 80%. However, these are
also the subscores whose models converged with the fewer predictors (k = 3 and k = 4,
respectively). These are also the only subscores with a level of agreement among
the raters under 90% which indicates that they are the more challenging concepts to
quantify. Regarding “arm movement”, the fact that arm paresis and spasticity are
equally penalized in the definition of the score is an explanatory cause for the 3rd
lowest accuracy, despite the excellent ICC.
The feature gait speed was only included in 3 of the 7 subscores: “gait speed”, “stabil-
ity/risk of falling”, and the “ReHabX total score”. This is surprising since gait speed
is commonly used as an outcome measure of rehabilitation, but it shows that the re-
maining ReHabX subscores assess functional aspects of gait that are independent of
speed.
A plausibility test was performed by means of a presentation of the numerical models
to a team composed of 2 medical experts and a gait specialist. The discussion that
ensued concluded the features included in the models of each model did make sense
from a medical point of view.
In conclusion, the novel features developed in the context of this thesis and the methods
used to obtain the numerical models may render suitable tools for the diagnostics of
motion impairment based on instrumented gait analysis. Furthermore, the models
hereby presented can be implemented and used to support the creation of a personalized
therapy and speed-up the post-stroke recovery process.
6.2 Future work
The numerical scores offer a valuable support for the objective assessment of movement
disorders and provide a valuable tool to support the medical team in the selection of
the most appropriate rehabilitation method, thus accelerating the recovery of the gait
ability after stroke. The next logical step would be to test the relevance of the ReHabX
score and numerical scores for the selection of the rehabilitation methods. Furthermore
and in order to evaluate rehabilitation outcome, the ReHabX score (medical and/or
numerical) could be used to detect differences in gait function between baseline and
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follow-up measurements.
All the features used in the multilinear regression are spatio-temporal and kinematical
parameters. Kinetic parameters (e.g. ground reaction forces, and joint moments) or
even features extracted from EMG data could be added to the list of features used in
the regression.
Regarding the methods, the algorithm suggested for the detection of the most affected
side could be upgraded to a logistic regression, and instead of a multilinear stepwise
regression, an artificial neural network could be implemented.
In the future, a reproducibility assessment should be made for additional validation.
This should be performed with an independent team of raters and a completely new
set of patients measured preferably in a different gait laboratory, in order to remove
any possible bias errors.
Matrix of sorted features
Stepwise multilinear
regression
Average medical
scores
Numerical model
yˆi = β0 + β0x0 + ...+ βnxn
Model accuracy
R2 R
2
adj RMSE
70% of the patients 30% of the patients
Prediction
Figure 6.1: Block diagram representing the concept of cross-validation.
With a larger sample, cross-validation should be performed. This consists in randomly
partitioning the sample into two subsets: the training (70%) and the validation (30%)
sets. The models are computed using the training set, but the goodness of fit is
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calculated with the validation set, as illustrated in Fig. 6.1 [98].
Finally, the gait measurements used in this thesis are taken in a regular leveled surface.
It would be interesting to test other walking conditions representative of everyday life,
such as accelerating, ascending and descending slopes, moving the head while walking,
or climbing up and down stairs.
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Figure A.1: Stroke mortality rates in 2010 (or nearest year). The rates have been
age-standardised per 100 000 population [117].
Appendix B
Traditional Medical Scales
IV Appendix B. Traditional Medical Scales
Barthel Index
Acronym: BI
Definition:
• Acute assessment of the patient’s performance in ADLs.
• It measures the patient’s ability to care for himself.
Variables evaluated: Each of the 10 items is given a variable score of 0, 5, 10 or
15 points (see table below). The BI is the sum of all the individual scores and, even
though some parameters are weighted more heavily than the others, the BI must be
seen together with the individual scores.
Parameters
Possible
points
1. Feeding (if food needs to be cut up = help) 0-10
2. Moving from wheelchair to bed and return (in-
cludes sitting up in bed)
0-15
3. Personal toilet (wash face, comb hair, shave,
clean teeth)
0-5
4. Getting on and off toilet (handling clothes,
wipe, flush)
0-10
5. Bathing self 0-5
6. Walking on level surface (or if unable to walk,
propel wheelchair)
0-15
7. Ascend and descend stairs 0-10
8. Dressing (includes tying shoes, fastening fasten-
ers)
0-10
9. Controlling bowels 0-10
10. Controlling bladder 0-10
Range & interpretation:
(0) fully dependent - fully independent (100)
Appendix B. Traditional Medical Scales V
Functional Independence Measure
Acronym: FIM
Definition: Indicator of patients’ functional ability, i. e., patients’ independence.
Variables evaluated: 18 items, grouped in 2 subscales (Physical/Motor and Social-
Cognitive), are evaluated from 1 to 7 (scale below). The FIM is obtained by summing
the individual scores.
Motor subscale Cognition subscale
1. Eating 14. Comprehension
2. Grooming 15. Expression
3. Bathing 16. Social interaction
4. Dressing, upper body 17. Problem solving
5. Dressing, lower body 18. Memory
6. Toileting
7. Bladder management
8. Bowel management
9. Transfers - bed, chair,
wheelchair
10. Transfers - toilet
11. Transfers - bath, shower
12. Walk/wheelchair
13. Stairs
Scale:
1 Total assistance with helper
2 Maximal assistance with helper
3 Moderate assistance with helper
4 Minimal assistance with helper
5 Supervision or setup with helper
6 Modified independence with no helper
7 Complete independence with no helper
Range & interpretation:
(18) total assistance needed - complete independence (126)
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National Institute of Health1 Stroke Scale
Acronym: NIHSS
Definition:
• Systematic clinical assessment tool to evaluate acuity of stroke patients.
• Stroke specific!
Variables evaluated: 11 items are given a score from 0 to 2, 3 or 4 (see table below).
The NIHSS is the sum of the partial scores and, since those have a variable number
of points, some parameters (e.g. arm and leg motion) are weighted more heavily than
others (e.g. best gaze).
Parameters
Possible
points
1. Level of Consciousness
a. Level of alertness 0-3
b. LOC questions 0-2
c. LOC commands 0-2
2. Best gaze 0-2
3. Visual 0-3
4. Facial palsy 0-3
5. Motor arm
a. Left arm 0-4
b. Right arm 0-4
6. Motor leg
a. Left leg 0-4
b. Right leg 0-4
7. Limb ataxia 0-2
8. Sensory 0-2
9. Best language 0-3
10. Dysarthria 0-2
11. Extinction and inattention 0-2
Range & interpretation:
0 No stroke symptoms
1-4 Minor stroke
5-15 Moderate stroke
16-20 Moderate to severe stroke
21-42 Severe stroke
1United States of America
Appendix B. Traditional Medical Scales VII
European Stroke Scale
Acronym: ESS
Evaluation conditions:
• Developed to detect therapeutic effects and match treatment groups in stroke
trials.
• Designed for patients with middle cerebral artery stroke.
Variables evaluated: 14 items ranked with a variable weight of 0 to 4, 8 or 10 points
(see table below). The ESS is the sum of the individual scores.
Parameters
Possible
points
1. Level of Consciousness 0-10
2. Comprehension 0-8
3. Speech 0-8
4. Visual field 0-8
5. Gaze 0-8
6. Facial movement 0-8
7. Arm (ability to maintain in outstretched position) 0-8
8. Arm (raising) 0-4
9. Extension of wrist 0-4
10. Fingers 0-8
11. Leg (maintained in position) 0-8
12. Leg (flexing) 0-4
13. Dorsiflexion of foot 0-8
14. Gait 0-10
Range & interpretation:
(0) maximally affected - completely normal (100)
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Modified Rankin Scale
Acronym: mRS
Definition: Degree of disability or dependence in ADLs.
Scale:
0 No symptoms.
1 No significant disability. Able to carry out all usual
activities, despite some symptoms.
2 Slight disability. Able to look after own affairs without
assistance, but unable to carry out all previous activi-
ties.
3 Moderate disability. Requires some help, but able to
walk unassisted.
4 Moderately severe disability. Unable to attend to own
bodily needs without assistance, and unable to walk
unassisted.
5 Severe disability. Requires constant nursing care and
attention, bedridden, incontinent
6 Dead.
Range & interpretation:
(0) no symptoms - dead (6)
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Berg Balance Scale
Acronym: BBS
Definition: Test to a person’s static and dynamic balance abilities, i.e. their func-
tional balance and mobility.
Variables evaluated: The test-subject is asked to perform 14 tasks that are rated
from 0 (unable to perform) to 4 (independent).
Balance items
1. Sitting unsupported
2. Change of position: sitting to standing
3. Change of position: standing to sitting
4. Transfers
5. Standing unsupported
6. Standing with eyes closed
7. Standing with feet together
8. Tandem standing
9. Standing on one leg
10. Turning trunk (feet fixed)
11. Retrieving objects from floor
12. Turning 360 degrees
13. Stool stepping
14. Reaching forward while standing
Range & interpretation:
(0) wheelchair bound - independent (56)
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Timed Up and Go test
Acronym: TUG test
Definition: Time a person takes to get up from a chair, walk 3 meters, turn around,
walk back and sit down on the chair again.
Interpretation:
Interpretation 1
0-10 s Normal
11-20 s Normal for elderly and disabled patients
>20 s Person needs assistance and further examination/intervention
>30 s Prone to falls
Interpretation 2
<12 s Normal performance
>12 s High risk for falling
Appendix C
Definition of the ReHabX Score
The ReHabX score is a set of 6 subscores that are evaluated by the medical practi-
tioner, and one additional subscore calculated as the sum of the previous subscores.
Its definition is shown below.
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Most affected side of the body Left Right
Trunk movement
No pathological findings 0
Slight trunk bending (lateral or frontal) AND/OR slight trunk rotation 1
EITHER significant trunk bending (lateral or frontal) OR significant trunk 
rotation 2
BOTH significant trunk bending (lateral or frontal) AND significant trunk 
rotation 
3
Leg movement (affected side)
No pathological findings 0
Slight leg movement abnormality (hip, knee, foot) 1
Significantly reduced leg movement AND/OR slight knee hyperextension 
(genu recurvatum)
2
Leg nearly rigid (flexed or extended) AND/OR significant knee 
hyperextension (genu recurvatum) 3
Arm movement (affected side)
No pathological findings 0
Slight arm movement abnormality (shoulder, elbow, hand) 1
Significantly reduced arm movement 2
Rigidity of the entire arm (shoulder, elbow, hand) OR
no active arm movement (plegia) 3
Gait speed
No pathological findings 0
Slightly reduced gait speed (compared to healthy pedestrians) 1
Significantly reduced gait speed (moderate speed is achieved only with 
seemingly full concentration)
2
Extremely slow and exhausting walking (end of the walkway is reached 
only with great effort)
3
Gait fluency
No pathological findings 0
Slightly asymmetrical gait 1
Significantly asymmetrical gait (left and right steps appear to be 
single disconnected movements)
2
Severely asymmetrical gait (body movements are controlled individually 
and interspersed by breaks = “staccato” movement)
3
Stability / risk of falling
No pathological findings 0
Slight leg instabilities at leg (ankle, knee, hip) AND/OR slight trunk sway 
instabilities, but no visible risk of falling 
1
Significant risk of falling due to stumbling AND/OR
significant instability (e.g. at turning)
2
The patient is using a cane 3
ReHabX score
The ReHabX score is calculated as the sum of all subscores.
___
ES000 ID
Manual
• To be rated are persons dressed in 
underwear, who walk unsupported on 
a straight, marked walkway with a 
regular leveled surface.
• The walkway should be at least 10
meters in length and one meter in 
width.
• The observed motion sequence con-
sists of start - walk - stop and a 180°-
turn at the end of the walkway.
• Videos for training are available on 
the enclosed CD.
Notes
• If a patient is using a walking aid for 
gait (cane, orthosis, shoes etc.) gait has 
to be rated as it is. It shouldn’t be 
rated the assumed gait without the 
walking aid.
• Patients using a walker are excluded 
from the ReHabX-Score.
Version
V10 - 02.09.16
ReHabX score sheet
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List of Gait Features
Feature Side* Nr.
P
at
ie
nt
d
at
a
Subject ID - 1
Session (barefoot, shoe, orthosis, etc.) - 1
Gender (masculine or feminine) - 1
Stroke side (C3D) - 1
Most affected (MA) side (computed) - 1
Age at the time of the measurement - 1
Body mass (kg) - 1
Height (m) - 1
Average leg length (m) - 1
Direction (towards the camera=1; away from the
camera=-1)
- 1
TOTAL: 10
T
ra
d
it
io
n
al
ga
it
p
ar
am
et
er
s
Gait cycle duration (s) MA & LA 2
Stance phase (%) MA & LA 2
Swing phase (%) MA & LA 2
Loading response phase (s and %) MA & LA 4
Pre-swing phase (s and %) MA & LA 4
Single support phase (s and %) MA & LA 4
Double support phase (s and %) MA & LA 4
Stride length (normalized by leg length) MA & LA 2
Step length (normalized by leg length) MA & LA 2
Step width (m) MA & LA 2
Limp index (A/LA and LA/A) MA & LA 2
Gait speed normalized for subject’s leg length (s−1) - 1
TOTAL: 31
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Feature Side* Nr.
D
is
cr
et
iz
ed
jo
in
t
an
gl
es
in
th
e
sa
gi
tt
al
p
la
n
e Shoulder flexion-extension:
- minimum/maximum: time (%) and value (deg) MA & LA 8
- range of motion (deg) MA & LA 2
Elbow flexion-extension:
- minimum/maximum: time (%) and value (deg) MA & LA 8
- range of motion (deg) MA & LA 2
Hip flexion-extension:
- minimum/maximum: time (%) and value (deg) MA & LA 8
- range of motion (deg) MA & LA 2
Knee flexion-extension:
- minimum/maximum: time (%) and value (deg) MA & LA 8
- range of motion (deg) MA & LA 2
- maximum flexion during single support: time (%) and
value (deg)
MA & LA 4
Ankle flexion-extension:
- minimum/maximum: time (%) and value (deg) MA & LA 8
- range of motion (deg) MA & LA 2
TOTAL: 54
P
ro
gr
es
si
on
of
th
e
m
ar
ke
rs
Linear regression on the progression of the pelvis
(PELO)
- RMSE (m) - 1
- maximum deviation (m) - 1
Linear regression on the progression of the ankle mar-
kers
- area formed by the curves two (m.s) - 2
- maximum difference between the odd and even areas
(m.s) [Eq. 4.10]
- 1
- normalized difference between the two areas (m.s)
[Eq. 4.11]
- 1
- logaritmic normalized difference between the two areas
(m.s) [Eq. 4.12]
- 1
TOTAL: 7
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Feature Side* Nr.
A
L
-p
lo
t
- Centroid coordinates: x and y (cm) MA & LA 4
- Minimum and maximum lateral bending (cm) MA & LA 4
- Minimum and maximum anteroposterior bending (cm) MA & LA 4
- Range of motion: lateral and anteroposterior (cm) MA & LA 4
- Length of the AL-plot (m) MA & LA 2
Surrounding ellipse:
- Length of maximum and minimum eigenvectors (cm) MA & LA 4
- Area of the surrounding ellipse (cm2) MA & LA 2
- Inclination of the surrounding ellipse (α ∈
[−90◦,+90◦]) MA & LA 2
- Absolute inclination of the ellipse (|α| in[0◦,+90◦]) MA & LA 2
- Weighted inclination of the ellipse (deg) MA & LA 2
Distance between consecutive points:
- cumulative deviation (cm) MA & LA 2
- ratio min(dev.)/max(dev.) (see Eq. 4.9) MA & LA 2
- standard deviation σ (cm) MA & LA 2
- cumulative deviation of the acceleration (cm.s−2) MA & LA 2
- cumulative deviation of the jerk (cm.s−3) MA & LA 2
- smoothness measures (acceleration and jerk) [77] MA & LA 4
Angular AL-plot:
- lateral minimum and maximum bending (deg) MA & LA 4
- lateral average bending (deg) MA & LA 2
- lateral range of motion (deg) MA & LA 2
- anteroposterior minimum and maximum bending (deg) MA & LA 4
- anteroposterior average bending (deg) MA & LA 2
- anteroposterior range of motion (deg) MA & LA 2
TOTAL: 60
In
te
rl
im
b
co
or
d
. Cross-correlation MA leg - LA arm (max in %) - 1
Cross-correlation MA leg - LA arm [lag at max(XCF)] - 1
Cross-correlation MA leg - LA arm at lag 0% - 1
Cross-correlation LA leg - MA arm (max in %) - 1
Cross-correlation LA leg - MA arm [lag at max(XCF)] - 1
Cross-correlation LA leg - MA arm at lag 0% - 1
TOTAL: 6
∗MA - most affected/hemiparetic side; LA - least affected/contralateral side.
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Appendix E
Medical vs. Numerical Definition of
the Most Affected Side
In the present Appendix, the results of the sorting algorithm are presented and can
be seen in Tab. E.1. The results consist in a table which contains, for each patient,
the most affected side obtained through medical examination (eCRF) and predicted
by the model. Furthermore, the degree of impairment of the patients is presented as
the average medical ReHabX total score. The medical team also evaluated some of the
patients when evaluating the patients with the ReHabX score, and this data is also
included.
The results present in Tab. E.1 are discussed in Section 4.6.
Table E.1: Results of the sorting algorithm (see Section 4.6)
Patients
ID
MA side⋆
Match?
ReHabX
total
score
Individual medical
recognition of the MA side⋆,†
Defined
MA
side⋆eCRF Alg.‡ PT1 PT2 N1 N2 N3
ES011 2 2 Yes 3.4 2 2 2 1 2 2
ES013 1 1 Yes 8.2 1 1 1 1 1 1
ES018 ND 2 - 13.8 2 2 2 2 2 2
ES022 1 1 Yes 5 2 1 1 1 1 1
ES031 1 1 Yes 11 2 1 1 1 1 1
ES033 1 1 Yes 6.6 1 1 1 1 1 1
ES037 1 1 Yes 9.8 1 1 1 2 2 1
ES038 2 2 Yes 9 2 2 2 2 2 2
ES041 ND 1 - 2 1 1 1 1 1 1
ES045 ND 1 - 3.2 2 2 1 2 2 2
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Patients
ID
MA side⋆
Match?
ReHabX
total
score
Individual medical
recognition of the MA side⋆,†
Defined
MA
side⋆eCRF Alg.‡ PT1 PT2 N1 N2 N3
ES046 ND 1 - 4.6 2 1 1 1 1 1
ES048 1 1 Yes 8.2 1 1 1 1 1 1
ES054 1 1 Yes 4.2 2 2 1 2 2 1
ES055 ND 2 - 3.2 1 2 1 1 1 1
ES056 2 1 No 7.8 2 1 1 2 1 2
ES062 2 1 No 2.8 2 1 1 1 2 2
ES063 2 1 No 0.8 1 1 1 - 2 2
ES064 1 1 Yes 10.4 1 1 1 1 1 1
ES071 2 1 No 4.6 1 2 1 1 2 2
ES074 2 1 No 2.6 2 2 2 2 2 2
ES075 ND 2 - 2.2 2 2 2 2 2 2
ES076 1 1 Yes 6.6 1 2 1 1 2 1
ES077 2 2 Yes 10.2 2 2 2 2 2 2
ES079 2 1 No 2.8 2 2 1 2 1 2
ES081 2 2 Yes 6.2 2 2 2 2 2 2
ES085 2 1 No 7 - 2 2 2 2 2
ES086 1 1 Yes 4.8 1 2 2 2 2 1
ES089 2 1 No 5 2 1 2 2 2 2
ES090 ND 2 - 2 2 2 2 2 2 2
ES096 1 1 Yes 5.2 1 1 1 1 1 1
ES097 2 1 No 3 - 2 2 2 2 2
ES098 1 2 No 5.4 2 2 2 1 2 1
ES105 1 1 Yes 15.4 1 1 1 1 1 1
ES109 1 1 Yes 8.8 - 1 1 1 1 1
ES114 1 1 Yes 9.2 1 1 1 1 1 1
ES117 1 1 Yes 2.2 2 2 1 1 2 1
ES122 2 1 No 5.8 2 2 2 2 2 2
ES125 1 1 Yes 10 1 1 1 1 1 1
ES128 2 2 Yes 10.8 2 2 2 2 2 2
ES129 1 1 Yes 12.4 1 1 1 1 1 1
ES137 1 1 Yes 14.2 1 1 1 1 1 1
ES142 2 2 Yes 13.2 2 2 2 2 2 2
ES147 2 2 Yes 3 2 2 2 2 2 2
ES150 1 1 Yes 3.8 - 1 1 1 1 1
ES151 2 2 Yes 6.4 2 2 2 2 2 2
ES156 2 1 No 6.2 2 2 1 2 2 2
ES160 1 1 Yes 11.6 1 1 1 1 1 1
ES161 2 2 Yes 15.6 2 2 2 2 2 2
ES168 1 1 Yes 4.2 1 1 1 1 2 1
ES169 1 1 Yes 10 1 1 1 1 1 1
ES174 ND 1 - 3.4 1 1 1 1 2 1
ES175 1 1 Yes 5.2 - 1 1 2 2 1
ES179 2 2 Yes 15.4 2 2 2 2 2 2
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Patients
ID
MA side⋆
Match?
ReHabX
total
score
Individual medical
recognition of the MA side⋆,†
Defined
MA
side⋆eCRF Alg.‡ PT1 PT2 N1 N2 N3
ES180 2 2 Yes 14.2 2 1 2 2 2 2
ES187 2 1 No 13.6 2 2 2 2 2 2
ES200 2 2 Yes 11.8 2 2 2 2 2 2
ES204 2 2 Yes 13.4 2 2 2 2 2 2
ES214 1 1 Yes 8.2 1 1 1 1 2 1
ES227 1 1 Yes 12.8 1 1 1 1 1 1
⋆Most affected side: 1=left; 2=right; ND=not defined.
‡Prediction obtained using the model introduced in Section 4.6.
†Raters PT1 and PT2 are physiotherapists, while N1, N2 and N3 are neurologists.
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Appendix F
Results: R2 vs Nr. of Features
XXII Appendix F. Results: R2 vs Nr. of Predictors
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(a) R2 vs. nr. of features
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Figure F.1: Posture: (a) R2 vs. number of predictors, and (b) information criteria vs.
number of predictors.
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Figure F.2: Leg movement: (a) R2 vs. number of predictors, and (b) information
criteria vs. number of predictors.
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Nr. of features
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Figure F.3: Arm movement: (a) R2 vs. number of predictors, and (b) information
criteria vs. number of predictors.
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Figure F.4: Gait speed: (a) R2 vs. number of predictors, and (b) information criteria
vs. number of predictors.
XXVI Appendix F. Results: R2 vs Nr. of Predictors
Nr. of features
0 10 20 30 40 50 60
C
o
effi
ci
en
t
o
f
d
et
er
m
in
a
ti
o
n
R
2
0
0.2
0.4
0.6
0.8
1
(a) R2 vs. nr. of features
R2 for each model
R2: contour
R2adj : contour
Threshold (n = 6)
RMSE
Nr. of features
60
0
200
400
600
800
1000
1200
1400
1600
(b) Information criteria
AIC
AICc
BIC
0 30 40 5010 20
Figure F.5: Gait flow: (a) R2 vs. number of predictors, and (b) information criteria
vs. number of predictors.
Appendix F. Results: R2 vs Nr. of Predictors XXVII
Nr. of features
0 10 20 30 40 50 60
C
o
effi
ci
en
t
o
f
d
et
er
m
in
a
ti
o
n
R
2
0
0.2
0.4
0.6
0.8
1
(a) R2 vs. nr. of features
R2 for each model
R2: contour
R2adj : contour
Threshold (n = 6)
RMSE
Nr. of features
60
0
200
400
600
800
1000
1200
1400
1600
(b) Information criteria
AIC
AICc
BIC
0 30 40 5010 20
Figure F.6: Stability: (a) R2 vs. number of predictors, and (b) information criteria vs.
number of predictors.
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Figure F.7: ReHabX total score: (a) R2 vs. number of predictors, and (b) information
criteria vs. number of predictors.
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Figure F.8: Best R2 vs. number of features for all the subscores.
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Appendix G
Results: Bubble Plots and Residual
Scatter Plots
XXXII Appendix G. Results: Bubble Plots and Residual Scatter Plots
Trunk movement
Trunk mov.
(a)
(b)
Figure G.1: Trunk movement (R2 = 0.759): (a) bubble plot, and (b) residual scatter
plot.
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Leg movement (MA)
Leg mov.
(a)
(b)
Figure G.2: Leg movement (R2 = 0.850): (a) bubble plot, and (b) residual scatter plot.
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Arm movement (MA)
Arm mov.
(a)
(b)
Figure G.3: Arm movement (R2 = 0.823): (a) bubble plot, and (b) residual scatter
plot.
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Gait speed
Gait speed
(a)
(b)
Figure G.4: Gait speed (R2 = 0.923): (a) bubble plot, and (b) residual scatter plot.
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Gait fluency
Gait fluency
(a)
(b)
Figure G.5: Gait fluency (R2 = 0.786): (a) bubble plot, and (b) residual scatter plot.
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Stability/risk of falling
Stability
(a)
(b)
Figure G.6: Stability/risk of falling (R2 = 0.873): (a) bubble plot, and (b) residual
scatter plot.
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ReHabX total score
ReHabX score
(a)
(b)
Figure G.7: ReHabX total score (R2 = 0.887): (a) bubble plot, and (b) residual scatter
plot.
Appendix H
Description of the Numerical
Models
Trunk movement
Nr. of predictors 3
Goodness of fit R2 0.759
R2adj 0.746
Feature Side*
Weight
(%)
Coef.
1 AL-plot: length of the curve (m) LA 53.5 6.6004
2 Knee flexion-extension: range of motion (deg) MA 23.9 -0.0115
3 Ankle flexion-extension: range of motion (deg) MA 22.6 -0.0222
Intersept 0.7055
*MA - most affected/hemiparetic, and LA - least affected/contralateral
XL Appendix H. Description of the Numerical Models
Leg movement
Nr. of predictors 5
Goodness of fit R2 0.850
R2adj 0.836
Feature Side*
Weight
(%)
Coef.
1 Single support phase (% of GC) MA 39.2 -0.0407
2 AL-plot: length of the curve (m) LA 21.3 4.1103
3 Ankle flexion-extension: range of motion (deg) MA 17.8 -0.0292
4 Knee: maximum flexion (deg) MA 15.8 -0.0142
5 Elbow flexion-extension: range of motion (deg) MA 5.9 0.0243
Intersept 2.8883
*MA - most affected/hemiparetic, and LA - least affected/contralateral
Arm movement
Nr. of predictors 5
Goodness of fit R2 0.823
R2adj 0.806
Feature Side*
Weight
(%)
Coef.
1 Duration of the gait cycle (s) MA 25.5 0.6424
2 Elbow: minimum flexion (deg) MA 23.8 0.0228
3 Shoulder flexion-extension: range of motion
(deg)
MA 21.3 -0.0386
4 AL-plot: length of maximum eigenvector (cm) MA 16.4 0.0554
5 Elbow: maximum flexion (instant in % of GC) LA 13.0 -0.0092
Intersept 0.6124
*MA - most affected/hemiparetic, and LA - least affected/contralateral
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Gait speed
Nr. of predictors 6
Goodness of fit R2 0.923
R2adj 0.914
Feature Side*
Weight
(%)
Coef.
1 Gait speed normalized for leg length (s−1) - 55.0 -2.0631
2 Shoulder: minimum flexion (deg) MA 10.2 0.0218
3 Shoulder: minimum flexion (deg) LA 10.1 -0.0151
4 Hip: maximum flexion (instant in % of GC) LA 9.2 0.0037
5 Elbow: maximum flexion (deg) MA 9.2 0.0062
6 AL-plot: ratio between minimum and maxi-
mum deviation of the distance between consec-
utive points (see Eq. 4.9)
LA 6.3 2.3888
Intersept 2.2994
*MA - most affected/hemiparetic, and LA - least affected/contralateral
Gait flow
Nr. of predictors 4
Goodness of fit R2 0.786
R2adj 0.770
Feature Side*
Weight
(%)
Coef.
1 Step length (normalized by leg length) LA 38.1 -1.5979
2 AL-plot: length of the curve (m) MA 26.8 3.6858
3 Ankle flexion-extension: range of motion (deg) MA 25.6 -0.0291
4 Double support phase (s) MA 9.5 0.4996
Intersept 1.8339
*MA - most affected/hemiparetic, and LA - least affected/contralateral
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Stability/risk of falling
Nr. of predictors 6
Goodness of fit R2 0.873
R2adj 0.858
Feature Side*
Weight
(%)
Coef.
1 Gait speed normalized for leg length (s−1) - 34.2 -1.9736
2 Elbow: maximum flexion (instant in % of GC) LA 24.9 -0.0257
3 Elbow: minimum flexion (deg) LA 15.7 0.0235
4 AL-plot: maximum anteroposterior bending
(deg)
LA 12.9 0.0566
5 Knee: maximum flexion (deg) LA 9.3 0.0088
6 Ankle: minimum flexion (instant in % of GC) MA 3.0 -0.0035
Intersept 2.4717
*MA - most affected/hemiparetic, and LA - least affected/contralateral
ReHabX total score
Nr. of predictors 5
Goodness of fit R2 0.887
R2adj 0.877
Feature Side*
Weight
(%)
Coef.
1 Gait speed normalized for leg length (s−1) - 44.9 -8.3760
2 Elbow: maximum flexion (deg) MA 22.6 0.0790
3 Shoulder: minimum flexion (deg) MA 12.1 0.1289
4 Elbow: maximum flexion (deg) LA 11.8 0.0423
5 AL-plot: standard deviation of the distance be-
tween consecutive points (cm)
MA 8.7 1505.1479
Intersept 10.2208
*MA - most affected/hemiparetic, and LA - least affected/contralateral
